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ABSTRACT
Novel Computational Methods for Catalytic Applications
Gihan Uthpala Panapitiya
Thiolate protected nanoclusters gold nanoparticles are gaining interest of
many researchers due to their promising applications in a variety of fields the de-
velopment of synthesizing techniques capable of producing atomically precise nan-
oclusters with high purity. Au25(SR)18 is one of the widely studied nanoclsuters due
its remarkable stability. In this first part of this study, we explore the structural,
electronic and catalytic properties of bimetallic Au25−xAgx(SR)18 (for x = 6, 7, 8).
Due to the combinatorial enormity of the total number of possible alloyed isomers,
we choose a randomly selected subset corresponding to each alloying level. Using
SCH3 as the ligand, we find that the favorable Ag dopant locations are on the sur-
face of the Au13 icosahedron. To study the catalytic activity in Au25(SR)18, we used
SCH2CH2Ph and S-c-C6H11 ligands for 6-8 and 19-23 Ag alloyed systems respectively.
Using the condensed-to-atom dual descriptor functions, we show that the reduction
in the catalytic activity of Au25−xAgx(SR)18 is related to the reduction in the electron
donating capability of the outer shell sites.
We also propose a machine-learning model, based on the random-forest method,
to predict CO adsorption in thiolate protected nanoclusters. Two phases of feature
selection and training, based initially on the Au25 nanocluster, are utilized in our
model. One advantage to a machine-learning approach is that correlations in defined
features disentangle relationships among the various structural parameters. For ex-
ample, in Au25, we find that features based on the distribution of Ag atoms relative
to the CO adsorption site are the most important in predicting adsorption energies.
Our machine-learning model is easily extended to other Au-based nanoclusters, and
we demonstrate predictions about CO adsorption on Ag-alloyed Au36 and Au133 nan-
oclusters.
In the final section of the thesis, Delafossite materials have been studied for
a long time for photovoltaic and catalytic applications due to their wide band gaps
and bipolar conductivities. These systems have forbidden fundamental band gaps
which are much smaller than their apparent optical gaps. Making optical transitions
permissible across the fundamental gap allows photocatalytic reactions to harness
solar light in the visible region. Recently, it has been shown that B site doping can
break the inversion symmetry of these delafossites allowing light absorption across
the fundamental gap. We study structural and electronic properties of two Fe-doped
delafossites, AgAl1−xFexO2 and AgGa1−xFexO2 (x=1%-5%) using high-throughput
calculations. Preferable Fe dopant locations in both these systems are studied using
two metrics. Based on the electronic density of states and unfolded band structures,
we find that Fe impurities mainly affect the valence band edges of both these systems.
New Fe states at the Γ point can result in lower energy optical transitions compared to
the undoped delafossites. Using molecular orbital plots, we confirmed that Fe doping
affects the states only at the valence band edge, resulting in valence and conduction
band edges having different parities. Thus, Fe doping can permit optical transitions
that are forbidden in the pure AgAlO2 and AgGaO2.
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Catalysis is the process of reducing the activation energy of a reaction using a sub-
stance which is known as a catalyst. As a result, catalysis can increase the reaction
rate, enable reactions to take place at a lower temperature or start reactions that
would otherwise be not permissible due to high energy barriers. Therefore, catalysis
plays a vital role in a wide range of industrial applications. Manufacturing of almost
90% of all commercial chemical products are believed to be supported by catalysis.1
It is expected that the global market size for catalysts will reach about 34 billion US
dollars by 2025 at a compound annual growth rate of 4.5%.2
Not surprisingly, tremendous effort has been expended over the past 30 years
to produce efficient catalysts. Synthesizing mixed metal catalysts has been one of the
priorities of the scientists as it provides a cost effective pathway to tune the catalytic
properties to suit needs of different applications. However, studying the catalytic
properties of alloyed catalysts is a challenging task both experimentally and compu-
tationally. This is mainly due to the enormity of the combinatorially possible alloyed
configurations. For example, alloying a 25-atom gold nanoparticle with silver can pro-
duce over 33 million different isomers. Therefore, we need smart techniques to filter
out a smaller subset of candidate structures having desired catalytic properties. Fur-
1
ther, in the case of nanocatalysts, their synthesis often results in mixtures of clusters
containing different number of dopants. It is not possible to understand the catalytic
properties of such mixtures using a few random molecular or crystalline structures.
Computational modeling of this kind of systems should take into account composi-
tional complexities that play a significant role in determining the catalytic properties.
In this thesis, we discuss novel computational approaches based on density functional
theory calculations to investigate catalytic properties of alloyed catalysts. We use two
types of catalytic systems to demonstrate our methods: thiolated gold nanoclusters
and delafossite oxides. Thiolated gold nanoclusters have gained popularity mainly as
a heterogeneous catalyst while delafossites have been tested for potential applications
in photocatalysis.
1.1 Gold nanoclusters
Before providing a historical overview of the gold nano-systems, let me clarify some
terms frequently being used in the gold-based literature: colloids, clusters, nanoclus-
ters and nanoparticles. A cluster is defined as a group of metal atoms clustered
at close proximity to each other.3 These metal atoms can bind with either other
metal atoms or ligands. The chemical composition of a cluster is precisely known.
Clusters can be synthesized with 0% dispersion in the size. In other words, clusters
are monodispersed. In the literature, clusters are found with the number of atoms
varying from 2 to 150 and they are generally synthesized in the solution phase. On
the other hand, a nanoparticle identified by a given name may be composed of sev-
2
eral clusters of particles having different sizes. The dispersion in the sizes of clusters
in a nanoparticle is generally less than 15%. The generally accepted definition of a
nanoparticle is that "a particle of any shape with dimensions in the 1 nm to 100 nm
range". The one given in the BSI Standards Publication 2 Nanoparticle-Vocabulary
is "a particle having one or more dimensions of the order 100nm or less".3 Finally,
colloids are composed of several closely related clusters of which the size dispersion
is greater than 15%.4 In other words, colloids are poly-dispersed. A nano-colloid is
generally identified as a colloid having number of atoms in the range 400 - 40000.
The oldest evidence of gold usage can be traced back to 4,600 BC to 4,200 BC
in Varna, Bulgaria where a burial site was found with gold jewelry.5,6 Based on the
excellent death mask of the Egyptian pharaoh Tutankhamun (ruled 1332–1323 BC),
it is reasonable to deduce that ancient craftsmen have been involved in continuous
experiments with gold for a long time.7 Evidence on the soluble forms gold were
found in Rome, when they discovered the Lycurgus Cup which is dated to 5th to 4th
century BC. Experiments involving gold colloids can be dated back to medieval times.
People added gold chloride to molten glass to make red stained glass in cathedrals.
The belief that gold has some connection with the long life is also found in ancient
Indian scriptures.
However Faraday’s work on gold clusters in 1857 can be considered as a major
milestone in the field of nanoparticles8. Several theoretical and experimental work
on gold colloids followed, including Steubings’ successful attempt to obtain optical
spectra of gold9. In the same year, Gustav Mie was able to use Maxwell’s equations
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produce an optical spectra which matched the one obtained by Steubing10. After the
structure of DNA was resolved in early 1950s, gold nanoparticles gained popularity as
a candidate for biological labels in TEM (Transmission Electron Microscope) studies
of cellular structures. After Haruta et al. found that supported gold nanoparticles
show catalytic properties for low temperature CO oxidation11, gold nanoparticles
started to gain popularity as nano-catalysts.
1.1.0.1 Thiolated gold nanoclusters
Ligand-protected gold nanoclusters can be divided into two sub disciplines deepening
on the type of ligand that stabilizes the cluster. These are phosphine and thiolate
protected nanoclusters. Compared to thiolate-protected nanoclusters, the structure
of phosphine based nanoclusters are simple. This is because phosphine ligands bind
directly with the gold atoms whereas the thiolate ligands form staple-like structural
units with gold atoms. Malatesta’s work on phosphine capped gold clusters is note-
worthy.12 Even though he could not determine the structures of the cluster accurately,
his attempt motivated later works by Nijmegen13–17 and Mingos18–21 groups who re-
solved the structures of several clusters using X-ray crystallography.
Synthesis of gold particles having a thiolate coating was first reported by
Brust et al. in 1994.22 Their procedure consists of two phases in which AuCl−4 was
reduced by NaBH4 in a medium containing alkanethiol. Works of the Whetten group
in late 90’s also reported thiolate-containing nanoparticles having number of atoms
in the range 100 to 130023. In 1997, they obtained nanoparticles with around 38
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gold atoms24. Inspired by these findings Hakkinen attempted to predict the crystal
structure of Au38(SR)24 in 199925. In 2006, Hakkinen showed for the first time that
the Au atoms can exist in non-core sites; in AuSCH3 units surrounding the Au core26.
The first thiolated nanocluster of which the structure was determined using X-ray
crystallography is Au102(SR)5227. However, what attracted the attention the most
toward thiolated nanoclusters was the structure determination of Au25(SR)18 in 2007
by Zhu et al.28 This is because its excellent stability and the ease with which DFT-
based theoretical investigations can be performed to probe its properties as a result
of its small size. Two methodologies to synthesize nanoclsters, namely, size focusing29
and ligand exchange induced size transformation,30 also emerged during this period
which resulted in a rapid growth in the number of total structure determinations in
subsequent years.
1.1.0.2 Bimetallic thiolated gold nanoclusters
With the advancements in the synthesizing techniques, experimentalists were able
to create bimetallic nanoparticles. Au24Pd1(SC2H4Ph)18 can be considered as the
first bimetallic thiolate protected nanocluster which was synthesized by the Murray
group.31 They found that Pd doping changes the electro-chemical properties of Au25
significantly. Shortly afterwards in early 2010, Negishi et al. also reported the syn-
thesis of mono Pd doped Au25 stabilized by SC12H25 ligands using high-performance
liquid chromatography.32 In the same year, Negishi and co workers synthesized a
series of Ag doped nanoclusters by altering the [HAuCl4] : [AgNO3] ratio.33 In 2011
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Qian et al., doped Au25 and Au38 with Pd.34 By doping Au144 with approximately
30, 34, 52 and 53 Ag atoms Kumara et al. showed that electronic properties of Au144
can be modified.35 Negishi et al. showed that doping Au38(SC2H4Ph)24 with two Pd
atoms results in structures more stable than Au38(SC2H4Ph)24 with regard to degra-
dation in solution and core etching by thiols.36 Qian and co-workers managed to dope
Au25(SC2H4Ph)24 with a Pt atom.37 Using theoretical and experimental analysis they
showed that Pt goes to the center of the nanocluster. They further demonstrated that
the catalytic activity of Au24Pt1(SC2H4Ph)18 in the selective oxidation of styrene re-
action is greater than that observed with pure Au25. Also, the HOMO-LUMO gap of
Au24Pt1(SC2H4Ph)18 was found to be about 0.5 eV less than that of Au25. In 2013,
Jin group showed that Au25 can be doped by up to 4 Cu atoms.38 In the same year,
Das group managed to dope Au144 with Pd.39 Later in 2013, Das group reported
the synthesis and ESI-MS characterization of Cu doped Au144.40 They found that
the maximum number of copper atoms that can be doped in Au144 was 23. In early
2014, Kumara et al. determined the atomic positions of Ag atoms in Au25 doped
with roughly six Ag atoms using X-ray crystallography.41 Their findings confirmed
the earlier theoretical prediction that the surface of the 13-atom icosahedron is the
preferable location for Ag atoms. In 2015, Kumara et al. probed the structure of
Ag doped Au38 using X-ray crystallography. Their findings showed that Ag prefer to
occupy 9 sites in the Au21 bi-icosahedral core of Au38. Later in the same year, Yao et
al. compared the effects of doping Au25 with single Cd and Hg atoms.42 They found
that Cd preferably gets doped in the Au13 icosahedron whereas Hg prefers sites in
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the outer shell of Au25. In 2016, marking another mile stone in heteroatom doping
of thiolated nanoclusters, Jin group managed to dope Au atom in the staple units of
Au25.43
As evident from the above mentioned achievements in heteroatom doping,
experimentalists have been very efficient in synthesizing and probing the structures
alloyed nanoclusters. This is mainly because alloying foreign metal atoms has been
proven to be an effective method to tune electronic, optical and catalytic properties
of these nanoclusters. Density functional theory calculations play an important role
in the efforts to understand theoretical reasons behind these experimental observa-
tions. Such understanding is essential for the discovery of novel nanoclusters having
advanced properties required for future applications. In this dissertation, we focus on
structural, electronic and catalytic properties of Ag alloyed Au25(SR)18 nanocluster,
with the hope that our findings will be used by experimental and theoretical research
communities for the progress of the field of thiolated nanoclusters.
1.2 Delafossites
The first delafossite type discovered was CuFeO2 in 1873 by Charles Friedel, who
named the material after a French mineralogist Gabriel Delafosse44. According to
Marquardt et al., using a synthetically prepared sample, the crystal structure of
CuFeO2 was first resolved by Soller and Thompson in 1935.44 Since then researchers
have shown interest in unraveling various structural, chemical, optical and elec-
tronic properties of many types of delafossites. In 1971, a series of three papers
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of Rogers, Shannon and Prewitt reported an extensive investigation on 17 delafos-
site systems.45–47 In the third of these papers, they showed that broad valence and
conduction band regions are due to the mixing of sp3 hybridized O orbitals with pz
and 1/
√
2(dz2 − s). However, the valence band edge is composed of metallic bands
formed due to the mixing of d, pz and 1/
√
2(dz2 + s) wavefunctions of Ag+ with the
wavefunctions of neighboring atoms. In 1980, Garcia and co workers demonstrated
the electrocatalytic properties of PtCoO2, PdCoO2, PdRhO2, and PdCrO2, using O2
reduction and O2 evolution in NaOH.48 In 1984, Benko and Koffyberg reoprted on the
electronic and optical properties of CuAlO2.49 They found CuAlO2 has an allowed in-
direct gap of 1.65 eV and other interband transitions with energies 2.3 eV and 23.5 eV.
Also in 1984, Monnier et al. demonstrated that CuCrO2 can catalyze CH3OH synthe-
sis.50 In 1986, Doumerc et al. investigated magnetic properties of CuCrO2, PdCrO2,
AgCrO2, CuFeO2, CuAlO2, CuCoO2 and CuCoO251. Using Hall voltage and Seebeck
coefficient measurements, Otabe and co workers showed that AgInO2 is a n-type
semiconductor.52 Isawa et al. reported thermoelectric power of 6 cuprate delafos-
sites: YCuO2, LaCuO2, PrCuO2, NdCuO2, SmCuO2, and EuCuO2.53 In 2000, Gong
et al. prepared CuAlO2 films using Chemical-Vapor Deposition (CVD) method.54
The authors argue that more suitable method to produce these films is CVD as it
is employed by most of the industries involved in photovoltaic devices. Later in the
same year, Yanagi and co-workers also reported the preparation of CuAlO2 using
pulsed laser deposition technique.55 Based on the optical transmission spectrum of
CuAlO2 thin films, they found that indirect and and direct gaps of CuAlO2 are 1.8
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eV and 3.5 eV respectively. The electrical conductivity of CuAlO2 was found to be
3×10−1Scm−1 using Arrhenius plots of dc electrical conductivity. In 2001, Ueda et al.
managed to grow CuGaO2 thin films on α-Al2O3 single crystal substrates by pulsed
laser deposition.56 The thin films were found to be about 80% transparent for visible
light and the optical gap was found to be 3.6 eV using the tauc plot method.
In early 2001, Yanagi and co-workers reported that doped CuInO2 can ex-
hibit both p- and n-type conductivity depending on the dopant.57 Based on the sign
of the Seebeck coefficient, they showed that Ca-doped CuInO2 is p-type and Sn-doped
CuInO2 is n-type. Later in the same year, these authors succeeded in fabricating a
transparent p-n junction using CuInO2 with a turn-on voltage of 1.8 eV.58 In 2002,
Tate et al. tried to improve the conductivity of some delafossites using different
techniques.59 Using oxygen intercalation, they managed to increase the conductivity
of CuScMgO2 films from 0.001 to 20 S/cm. However, transparency of these films
decreased with the increasing conductivity. In CuGaFeO2, p-type conductivity en-
hanced from 0.02 to 1 S/cm after doping with Fe. The authors also synthesized Sb
doped CuNi2/3Sb/1/2O2 and AgCo2 and studied their transmission and conductiv-
ity. They found that the band gaps of 10% Sn doped CuNi2/3Sb/1/2O2 and pure
AgCo2 are 3.4 eV and 4.15 eV respectively and that both materials have p-type con-
ductivities. In 2003, Ataoui et al. studied magnetic properties of Fe doped CuGaO2
and V doped CuGaO2, CuCrO2 and CuFeO2.60 In the same year Okuda et al. stud-
ied magnetic, transport and thermoelectric properties of Mg doped CuCrO2.61 In
particular, they found that Mg doping reduces the resistivity and the Seebeck coef-
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ficient but does not affect the Neel temperature. In 2006, Vanaja et al. prepared
α-AgGaO2 thin films using pulsed laser deposition on α-AlO2 and Si single crys-
tal substrates.62 These films had a p-type electrical conductivity of 3.2×10−4Scm-1
at 300K and 50% transparency to visible light. By drawing a tauc plot of (αhν)2
with respect to hν, the optical gap was estimated to be 4.12 eV. Pellicer-Porres and
co-workers did a combined theory-experiment study on the electronic structure of
CuAlO2 and reported that it has a indirect gap of 2.99 eV and a direct allowed gap
of 3.53 eV.63 In 2007, Snure and Tiwari synthesized CuBO2 thin films using pulsed
laser deposition.64 Their films had an indirect and direct band gaps of 2.2 and 4.5 eV.
Positive Hall and Seebeck coefficients suggested p-type conductivity. In 2008, Sheets
et al. did an experimental study on four Ag-based delafossites: AgAlO2, AgGaO2,
AgScO2 and AgInO2.65 They reported that the band gaps and visible light absorption
was lower than those for powder samples of copper delafossites. In early 2009, Dong
and co-workers reported on the visible light induced photocatalytic activity for the
degradation of rhodamine B (RhB) and methyl orange (MO) AgAlO2, AgGaO2 and
AgInO2.66 The photocatalytic activity was directly proportional to the atomic radius
of the B-site element and the high activty of AgInO2 was proposed to be caused by its
high amounts of surface hydroxyl groups. Based on the resistivity versus temperature
results of CuFe0.9Cr0.1O2, CuCr0.98Mg0.02O2, and CuRh0.9Mg0.1O2, Guilmeau et al.
showed that the presence or absence of transition metals in the structure can affect
the transport properties of these delafossites.67 Delafossites containing Fe and Cr
exhibited semi-conducting character, while CuRh0.9Mg0.1O2 showed metallic behav-
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ior because its resistivity was observed to increase with the increasing temperature.
Ketir et al. studied photocatalytic activity of CuCrO2 by using it to remove NO−3 .68
Huda and co-workers compared electronic properties of copper delafossites composed
of B-site elements in groups IIIA and IIIB.69 For this study, they considered three
IIIA (Al,Ga and In) and three IIIB (Sc, Y, and La) elements. They showed that
the differences between indirect and direct band gaps in group IIIA delafosites are
larger than those in group IIIB delafossite and IIIA delafossites tend to crystallize in
rhombohedral symmetry while IIIB delafosites prefer hexagonal symmetry.
Maignan’s study on Mg doped CuRhO2 showed that CuRh1−xMgxO2 under-
goes a metal to insulator transition at x=0.1.70 Singh et al. found that Sn dopded
CuInO2 had a higher band gap by about 1.1 eV than the undoped system.71 In
late 2010, Bensaid and Russo synthesized a sereis of LiCrO2 powders with Li and
Cr vacancies.72 The chemical formulae were determined to be LiCrO2, LiCr0.9OO2,
LiCr0.8O2, LiCr0.7O2, Li0.9CrO2 , Li0.8CrO2 and Li0.7CrO2. These delafossites were
tested for their catalytic activity for the combusion of soot which is an emission of
diesel engines. They found that LiCr0.9O2 had the best soot removal capability under
350◦C. Poopanya and co-workers did a theoretical investigation on how the Seebeck
coefficient(S), electrical conductivity (σ) and the power factor (S2σ) change with re-
spect to different p-type acceptor levels in CuAlO2.73 They found that the power
factor is directly proportional to the energy of the acceptor level and the temper-
ature. By using three different approximations for exchange-correlation functional,
Scanlon et al. studied the electronic structure of CuCrO2.74 They reported that PBE
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and PBE+U underestimate and HSE06 overestimates the experimentally determined
optical band gaps. They also showed that hole formation takes place at Cu sites.
However, formation energies of Mg doped CuCrO2 were found to be smaller than
those of the CuCrO2 with Cu vacancies. In early 2011, Ruttanapun and co-workers
managed to synthesize CuFeO2 with Pt dopants in Cu sites.75 Measurements in the
temperature range, 300 K - 960 K revealed that the Seebeck coefficient, electrical con-
ductivity and power factor increase as the temperature and the Pt dopant percentage
increase. However, the thermal conductivity was observed to decrease with the in-
creasing temperature. Investigating on the superconducting properties of hole-doped
CuAlO2, Nakanishi and Katayama-Yoshida reported that with 0.2 - 0.3 hole doping,
CuAlO2 becomes a high-Tc superconductor with Tc = 50K.76 Zhao et al. synthesized
and studied optical, electrical and electronic properties of LiYO2, NaYO2, NaYbO2
and LiYO2.77 The optical gaps were found to be 5.3 eV(LiYO2), 5.4 eV( NaYO2),
5.3 eV(NaYbO2), and 5.2 eV( LiYbO2). First principle calculations indicated that
NaYO2, NaYbO2 and LiYbO2 have direct gaps while LiYO2 has an indirect gap.
Electrical conductivity measurements showed that out of the four samples, LiYO2
had the highest conductivity of 2.2 10−6 Sm−1. The application of CuGaO2 delafos-
ites in a solar cell was reported by Yu and co-workers in 2012.78 They fabricated
p-type dye-sensitized solar cells using CuGaO2 nanoplates. These solar cells achieved
a Voc of 357 mV under 1 Sun AM 1.5 illumination. A study on Sn doped CuFeO2
conducted by Ruttanapun et al. revealed that the activation energy for conduction
decreased as the Sn doping percentage increased.79 This study also showed that the
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optical band gap is not affected by Sn doping. A fully theoretical study of both
polytypes(2H and 3R) of AgAlO2, AgGaO2 and AgInO2 was carried out by Kumar
and Persson using PBE and HSE06 exchange-correlation functionals.80 Their results
showed that there was very little difference between the two polytypes in terms of the
structural and electronic properties. Ruttanapun synthesized CuBO2 by solid state
reaction and the optical bap of this material was found to be 3.6 eV using a UV-VIS-
NIR spectrometer.81 They also found that CuBO2 had activation energies of 0.147 eV
and 0.58 eV for carrier production and electrical conduction. Han et al. studied the
effects of Mg dopants in CuCr1−xMgxO2, by considering the dopant percentages 0%
2%, 4%, 6%, 8%, 10%, and 12%.82 One of their significant findings was that the elec-
trical conductivity increases as the Mg percentage increases. Electrical conductivity
of 12% of Mg doped CuCrO2 is four orders of magnitude larger than that of pure
CuCrO2. In early 2014, Haycock et al. published a work on Fe doped CuGaO2,83 in
which they considered doping percentages 1% to 5% using 432 atom supercell. They
reported that Fe dopants create new states near the valence band edge resulting in
a reduced HOMO-LUMO gap. In late 2014, Iozzi et al. did a comparison between
the electronic and transport properties of Ag And Cu based delafossites using first
principle calculations.84 Based on the electronic density of states, they found that the
valence band of Ag delafossites is broader than that of the Cu delafossites. Taddee
and co-workers managed to synthesize Fe-doped CuCrO2 with Fe percentages varying
from 0 to 15.85 X-ray diffraction data revealed that the Fe content did not affect the
delafossite structure of doped systems. However, lattice constants were observed to
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increase as the Fe percentage was increased. The change in the optical gap (Eg) with
respect to the Fe content did not exhibit a clear trend as Eg was found to be 3.61 eV
for 1% and 3% 10% of Fe doping. More recent works on delafossites include, discus-
sions on optical and magnetic properties of Fe doped CuGaO2, catalytic properties
of Ni-, Co- and Fe-doped BaCuO2,86 transport properties of hole doped CuRhO2,87
and hydrogen production using Fe doped CuCrO2 nanopowders.88
1.2.1 Delafossites as photocatalysts
Despite the large optical gaps, researchers have found photocatalytic properties in
several delfossite systems including CuGaO2, CuCrO2, AgAlO2, AgGaO2, AgInO2
and AgFeO2.89–94 After Huda et al. showed using density functional theory calcu-
lations, that B-site doping can be used to tune the band structure of delafossites,95
several researches attempted to test the catalytic activity of doped delafossites. In
2011, Lekse and co-workers used Fe doped CuGaO2 to photoreduce CO2.90 They
noted that band gap of CugaO2 reduced from 3.75 eV or 2.55 eV to 1.5 eV upon Fe
doping. However, their results did not show a significant increase in the amount of
CO produced even with 15% Fe doped CuGaO2. Also, no definite pattern in the CO
production was detected as the doping percentage was increased from 0% to 20%.
The same group in 2014 showed using diffuse reflectance spectroscopy measurements
that the band gap of NaInO2 can be reduced from 3.9 eV to 2.8 eV by doping 10%
of In sites with Fe.91 And the catalytic degradation of methyl blue was observed to
increase under visible light due to this band gap decrease. It is surprising to find that
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no computational study has been carried out on Fe doped Ag delafossites as all the
AgAlO2, AgGaO2, AgInO2 and AgFeO2 systems have been shown to exhibit catalytic
properties. For example, in 2009, Dong and co-workers compared the photocatalytic
activity of AgAlO2, AgGaO2, AgInO2 for rhodamine B and methyl orange degra-
dation under visible light. They found that the photocatalytic activity increased as
the atomic radius of the B-site atom increased (i.e AgAlO2< AgAlO2< AgInO2).
Yin and coworkers studied the photocatalytic activity of AgFeO2 for degradation of
methyl orange. They found that AgFeO2 can degrade 97% of methyl orange during a
six-hour hydrothermal procedure. The high catalytic performance was believed to be
due to large surface area and high efficiency with which electron and holes separate.
In this thesis, we explore the structural and electronic properties of Fe doped Ag
based delafossites in an attempt to show how doping can be used to tune electronic
and possibly optical properties.
Organization of this dissertation is as follows. In the first chapter, a brief
overview of the FIREBALL code is given. The second chapter is mainly dedicated to a
study on structural, electronic and catalytic properties of 6,7,8-Ag alloyed Au25(SR)18
nanocluster. I also present a summary of electronic and structural properties of se-
lected nanoclusters at the end of this chapter. In chapter three, I discuss a machine
learning methodology designed to predict CO adsorption energies on thiolated nan-
oclusters. In chapter four, structural and electronic properties of Fe doped AgAlO2
and and AgGaO2 are discussed for Fe percentages from 1 to 5. Finally in chapter five




FIREBALL is a self-consistent density functional theory (DFT) code that makes
use of an ab initio tight-binding molecular dynamics simulation technique. As all
the calculations in this thesis were carried out with FIREBALL, a brief theoretical
description of this code is presented in this section. We use Hartree atomic units (i.e
~ = m = e = 1/(4πε0) = 1) to simplify the notation in all the derivations.
The fundamental problem that any DFT code aims to solve is the Schrodinger
equation for a system containing many electrons and nuclei. The Hamiltonian of such
a system reads,
Ĥ = T̂nu + V̂nu−nu + T̂el + V̂el−el + V̂el−nu. (2.1)

















where M and N are the number of nuclei and electrons in the system. Ml is
the mass of the nucleus l and m is the mass of the electron.
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. Here, Zl is the number of protons in each atom l.
The wavefunction associated with the above Hamiltonian (Equation 2.1) is a function
of positions of electrons and nuclei (Ψ(~ri, ~Rj)). In practice, Equation 2.1 becomes
progressively difficult to solve as the number of particles in a system increases. A
useful approximation to reduce the computational complexity of this problem is the
Born-Oppenheimer approximation. This approximation says that the electron and
nuclear degrees of freedom can be separated. The justification for this approximation
is based on the large disparity between the nuclear and electron masses. An electron
is about 1835 times lighter than the nucleus. But the Coulomb force that each of
them experiences is the same. Consequently, the velocity of the electron is much
greater than that of the nucleus. As a result, any change in motion of the nucleus can
be quickly matched by the fast moving electron. Therefore, we can write the many
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body wavefunction as a direct product of two wavefunctions depending only on the
positions of electrons and nuclei respectively.
Ψ(~ri, ~Rj) = Ψel(~ri)⊗ Φnu( ~Rj)
Therefore, we now have two Hamiltonians to solve. The Hamiltonian which
depends only on the positions of nuclei consists of T̂nu and V̂nu−nu. Due to the
slow motion of nuclei, we can neglect its kinetic energy, so that V̂nu−nu is the only
contribution from the nuclear Hamiltonian in the total energy.
The wavefunction of an N-electron system, Ψ(~r1, ~r2, ~r3, ..., ~rN) gives the po-
sition probability amplitude of an electron at r1, another electron at r2, .... and the
N th electron at rN . I dropped the subscript el for simplicity. From here onwards, Ψ
refers to the electronic wavefunction. The Schrodinger equation which dictates the
dynamics of these electrons is given by,
Ĥ | Ψ〉 = (T̂el + V̂el−el + V̂el−nu) | Ψ〉. (2.2)
Our goal is to solve Equation 2.2 to arrive at the energy of a system con-
taining an interacting set of electrons. After that, we can simply add the nucleus-
neculeus repulsion energy term to find the total energy of the system under the
Born-Oppenheimer approximation. To simplify the procedure of solving Equation
2.2, we use the first Hohenberg-Kohn theorem. According to this theorem, ground








Therefore, any observable associated with Equation 2.2 is also a functional
of Ψ0(~r). Importantly, the ground state energy can now be written as,
Ev0 = 〈Ψ0 | T̂el + V̂el−el + V̂el−nu | Ψ0〉,
where Ψ0(~r) is the ground state wavefunction. Now, what we have to do is
to find the density which minimizes the total energy of the system, subject to the
constraint that the total number of electrons remains constant. In accordance with










Here, µ(N) is defined as the chemical potential of the system. Using the fact
that electrons are indistinguishable particles, we can write 〈Ψ | Vel−nu | Ψ〉 as,























We now have an expression for energy, with one of the terms known exactly
in terms of the electron density.
E = 〈Ψ | Tel + Vel−el | Ψ〉+
∫
ρ(~r)v(~r)d3r. (2.3)
To obtain the energy of a system using Equation 2.3, we need to know the
many-electron wavefunction (Ψ). However, the form of this wavefunction is not known
explicitly. Hartee-Fock, and post-Hartree-Fock (Configuration interaction,96,97 Cou-
pled cluster,98,99 Multi-configuration time-dependent Hartree100 and Quadratic con-
figuration interaction101) methods expand the many-electron wavefunction as a prod-
uct of single-electron wavefunctions. Such expansions imply that electrons are non-
interacting which a drastic approximation. Also, these methods are computationally
very expensive and using them for systems containing a large number of atoms is
practically impossible. Coming up with a mapping between the interacting many-
electron system and a non-interacting system was one of the main motivations of the
density functional theory. Kohn and Sham proposed a formalism which allows us to
derive the total energy of an interacting system in an exact manner without making
assumptions on the many-electron wavefunction.102,103 As will be discussed below,
under the Kohn-Sham method, effects on the ground state energy due to electron-
electron interactions are taken into account using approximations. Consequently, such
approximations can result in discrepancies between the calculated physical properties
and the experimental ones. However, the fact that the scientists have been success-
fully able to apply density functional theory based on the Kohn-Sham method to
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explain various experimental observations for over 50 years indicates that the errors
due to these approximations are not very significant.
In the Kohn-Shammethod, an auxiliary system is considered in which electron-
electron interactions are neglected. For such a system, the single particle Schroedinger
equation reads,
Hs | ψi〉 = (Ts + Vs) | ψi〉 (2.4)
where Vs is the potential energy operator for an electron interacting with the

























Here, ψ(~r) is the wavefunction of a single non-interacting electron. Writing














Now we want to add Ts and EH to the Hamiltonian with electron-electron
interactions.
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E[ρ(~r)] = (T + Vel−el)[ρ(~r)] + Vel−nu[ρ(~r)]
= Ts[ρ(~r)] + EH [ρ(~r)] + (T − Ts + Vel−el − EH)[ρ(~r)] +
∫
ρ(~r)v(r)d3r(2.6)



















+ VH(r) + VXC(r) + V (r). (2.7)
In Equation 2.7, EXC = (T − Ts + Vel−el − EH) is called the exchange-
correlation energy. This term consists of energy due to the exchange symmetry of the
electronic wavefunctions and the influence on the motion of one electron by all the
other surrounding electrons. Even though DFT is exact as a theory, (we did not make
any approximations or use experimental parameters in deriving the DFT energy) form
of the exchange correlation energy is not known precisely. The exchange-correlation




Here, ε(~r′; ρ(~r)) is defined as the exchange-correlation energy per unit volume.










Several functional forms exist to approximate these exchange-correlation in-
teractions which I briefly explain in subsection 2.0.1.
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Now compare the chemical potential for the non-interacting system (Equation
2.5) with the chemical potential for the system with electron-electron interactions
(Equation 2.7). If we choose vs(r) = VH(r) + VXC(r) + V (r), our single particle
density corresponds to that of the system with electron-electron interactions. In
other words, when vs(r) = VH(r) + VXC(r) + V (r), ρs(r) becomes equal to ρ(r).
Therefore all we have to do is to solve the Schrodinger equation for the system
with non-interacting electrons with vs(r) = VH(r) + VXC(r) + V (r), and find ψi. We
can then calculate the density ρs(r) =
∑N
i | ψi(r) |2, which is equal to our original
density with electron-electron interactions. The total energy of the system can now
be written as,

































































To solve the single particle Schroedinger equation, we need a basis set to
expand the single particle wavefunctions. Fireball uses slightly excited atomic orbitals





ciφµ(~r − ~Rl). (2.8)
In Equation 2.8, index µ runs over, s, px, py and pz atomic orbitals. These
orbitals, introduced by Sankey and Niklewski104 have definite cutoff radii (rc). The
value of the wavefunction becomes exactly zero beyond the cutoff point.
This makes the orbital energy slightly higher than that of an orbital having
its radius extending to infinity. However, these excitations actually happen to model
the Fermi compression105 experienced by the closely packed electrons inside a solid
resulting in better band structures. As a general rule of thumb, the excited energy
used for each type of atom in determining the cutoff radii is 0.15 Ryd above the
energy of the free atom.
The Hamiltonian(Hi,j) and overlap(Si,j) matrix elements are calculated using
a numerical grid. The matrix elements becomes exactly zero, if sum of the cutoff
radii(rc) corresponding to orbitals i and j is less than the distance separating the
centers of the orbitals.104,106 For example in the system depicted in Figure 2.1, the
matrix element 〈Ψa | H | Ψb〉 is zero if | Ra −Rb |> rc,a + rc,b.
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Figure 2.1: A system with three centers. The matrix elements are zero if | Ri − Rj |>
rc,i + rc,j corresponding to any orbital i and j.
One, two and three center interactions between the atomic orbitals are exactly
evaluated using the above mentioned radial cut-off radii and stored in data files to
be read during the simulation.
Arriving at the ground state energy of a given system requires solving the
single particle Schroedinger equation many times as the density corresponding to
this energy is not known initially. Therefore, one has to start with a guessed initial
density. In Fireball, this density is set equal to the sum of neutral atom densities.
Using this density, Equation 2.4 is solved to find the wavefunctions. At this point,
we have to check whether our current solutions are self consistent. In Fireball, this
is done by defining the output density as, ρouti = 2
∑
α | 〈ψα | φi〉 |2.107 Here, α runs
over all the occupied states. The current solutions are self consistent if ρouti = ρi for
all the electrons (i = 1 to N).
Once we find the self consistent total energy Etot, of the the system, the force
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The new positions of the atoms can then be updated using Newton’s 2nd Law.
2.0.1 Approximations to exchange-correlation function
FIREBALL currently facilitates the use of two approximated functionals to obtain
exchange correlation energy: LDA and B3LYP.108,109 LDA, which stands for local
density approximation, calculates the exchange correlation energy at position ~r by








In Equation 2.9, εx and εc represent contributions from exchange and correla-
tion energies respectively. B3LYP (Becke, three-parameter, Lee-Yang-Parr) exchange
correlation energy is constructed by burrowing contributions from exchange and cor-
relation energies in LDA, GGA (generalized gradient approximation)108,110,111 and
Hartree Fock (HF) formalisms. This functional is given by,




x −ELDAx )+ax(EGGAx −ELDAx )+ELDAc +ac(EGGAc −ELDAc ),
(2.10)
where a0=0.20 ax=0.72, ac=0.81.
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In FIREBALL exchange-correlation functional is expanded in two ways. The
first method is called the Horsfiled approximation which is appropriate for molecules
and clusters of atoms. Expansion of the matrix elements depends on the positions
around which the orbitals are centered. Consider two atomic orbitals µ and ν centered
at atoms i and j respectively. If both orbitals are on the same atom (so that i =
j ≡ i), the matrix elements for exchange-correlation potential is given by,
〈µ | Vxc[ρ] | ν〉 w 〈µ | Vxc[ρi] | ν〉+
∑
j 6=i
〈µ | Vxc[ρi + ρj]− Vxc[ρi] | ν〉
On the other hand, if the two orbitals are centered at different atoms, that
is, i 6= j, the matrix elements can be expressed as,
〈µ | Vxc[ρ] | ν〉 = 〈µ | Vxc[ρi + ρj] | ν〉+
∑
k 6=i,j
〈µ | Vxc[ρi + ρj + ρk]− Vxc[ρi + ρj] | ν〉
The second approach, which is called the McWEDA approximation is more
appropriate for periodic crystals. In this expansion, spherically symmetric orbitals
are used to define the average densities defined as,
ρ̄µν =
〈φµ | ρ | φν〉
〈φµ | φν〉
Using this average density, the on-site (i = j) matrix elements are given by
〈µ | Vxc[ρ] | ν〉 w 〈µ | Vxc[ρi] | ν〉
+ Vxc[ρ̄µν ]〈µ | ν〉+ V
′
xc[ρ̄µν ] (〈µ | ρ | ν〉 − ρ̄µν〈µ | ν〉)
− Vxc[ρ̄i]〈µ | ν〉 − V
′
xc[ρ̄i] (〈µ | ρi | ν〉 − ρ̄i〈µ | ν〉) ,
(2.11)
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whereas the off-site (i 6= j) matrix elements take the form (Equations 2.12),
〈µ | Vxc[ρ] | ν〉 = 〈µ | Vxc[ρi + ρj] | ν〉+ (〈µ | Vxc[ρ] | ν〉 − 〈µ | Vxc[ρi + ρj] | ν〉)
' 〈µ | Vxc[ρi + ρj] | ν〉
+ Vxc[ρ̄µν ]〈µ | ν〉+ V
′
xc[ρ̄µν ] (〈µ | ρ | ν〉 − ρ̄µν〈µ | ν〉)
− Vxc[ρ̄ij]〈µ | ν〉 − V
′
xc[ρ̄µν ] (〈µ | ρi + ρj | ν〉 − ρ̄µν〈µ | ν〉) .
(2.12)
2.0.2 Pseudopotentials
Wavefunctions of electrons close to the nucleus display rapid oscillations. Computa-
tional modeling of this behavior is very expensive. Luckily, electrons close to nucleus
(or core electrons) have little influence on the valence electrons. This allows us to
decouple the core states and valence states. In the pseudopotential scheme, core
states are replaced by a smooth function without any oscillations near the core re-
gion. This modified wavefunction in turn results in a potential, which is called the
pseudopotential. This potential is different from the Coulomb potential. Now the
effective potential experienced by the single particle states is evaluated only for the
valence electrons using the valence electron density. The potential due to the nuclei
is replaced by the pseudopotential.
vs(ρval) = V
PP
ext + VH(ρval) + Vxc(ρval)
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In FIREBALL, norm-conserving pseudopotentials are generated following the
approaches detailed in papers of Hamann112 or Troullier and Martins.113 When con-
structing pseudopotentials the first step is to solve the single-particle Schrodinger
equation for all the valence and core electrons. Next, we have to decide a cut-off
radial distance (rc), beyond which is considered as the valence region. This step has
to be performed carefully as the bonding between atoms is sensitive to the nature
of the valence states. The region from the origin to rc is identified as the core. The
wavefunction corresponding to the core is replaced by a smooth function of which the
first and the second derivatives with respective position are continuous at rc. This
pseudo-wavefunction (smooth core function + valence wavefunction) can be used in
the single-particle Schrodinger equation to obtain the corresponding pseudo-potential.
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CHAPTER III
STRUCTURAL,ELECTRONIC AND CATALYTIC PROPERTIES OF AG
ALLOYED AU25 NANOCLUSTER
3.1 Introduction
Thiolate-protected gold nanoclusters Aum(SR)n, have attracted scientific attention
as novel functional nanomaterials due to their excellent stability28,114–118 and unique
physical and chemical properties that distinguish them from their bulk counter-
part119–122. Synthesizing nanoclusters precisely at the atomic level provides a platform
to study the fundamental properties of these clusters in depth123. Au25(SR)18 is one of
the widely studied gold nanoclusters that exhibits sizes smaller than 2 nm38,42,124–127.
This nanoparticle has a core-shell structure (see Figure 3.1); the core is composed of
an Au13 icosahedron surrounded by 12 Au atoms held in staples of SR-Au-SR-Au-SR
units, with SR denoting the thiolate ligand28,114,128,129. The total 25 Au atoms are
divided into three categories: the center Au atom, 12 Au atoms closest to the center
atom (which will hereafter be called the surface of the Au13 icosahedron), and the
outer shell of remaining 12 Au atoms interacting with the ligands. All of the Au
atoms in the surface of the Au13 icosahedron and the outer shell are bonded to thi-
olate ligands. Given this unique structural configuration, the molecular behavior of
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Au25(SR)18 opens up many possibilities to alter the electronic properties considerably
by substituting heteroatoms37,130–132.
Figure 3.1: Structure of Au25 nanocluster consists of a 13-atom core surrounded by
a surface layer of SR-Au-SR-Au-SR staple units. Every Au atom in the staples is
bonded with a Au atom in the core. Color code: Au in the core, green and red; Au
on the surface, blue; S, yellow; C, gray; H, off white.
A single substitution of a heteroatom can significantly change the electronic
structure and chemical properties in Au25(SR)1831,130,133,134. Jiang and Dai have pro-
posed 16 elements as candidates for doping the Au25(SR)18 cluster such that the
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electronic and the geometric structure of the unalloyed system are maintained133.
Several groups have been successful in increasing the number of dopants in the clus-
ter33,38. These reports show that the maximum Ag incorporation can be up to 12
atoms.
A study by Walter and Moseler proposed that the preferential occupying po-
sitions of Ag should occur in the Au13 icosahedran core135. This result was also con-
firmed by later studies of Guidez et al., Gottlieb et al. and Tlahuice-Flores38,115,136.
A study by Kumara et al. showed using X-ray crystallographic data, that the central
Au atom of Au13 core is exclusively an Au domain, while the remainder of the Au13
is partially occupied by Au or Ag atoms41. Recent work by Jin et al demonstrated
that it is also possible to dope the staple sites by increasing the number of Ag atoms
up to 1943.
A study by Negishi et al. found that the electronic structure of (AuAg)25(SR)18
can be continuously modulated by the incorporation of up to 11 Ag atoms33. They
demonstrated that alloying Ag was possibly an effective method to tune the electronic
structure and physical properties. Kauffman et al. have investigated Au25−xAgx(SR)18,
where x = 0 to 5 and R = C2H4Ph, combining both experimental and computational
studies137. They have observed that mixing Au and Ag electronic states perturbs
discrete energy levels, which leads to a shift of the optical absorption peak and intro-
duces new features into the Au25−xAgx absorption spectrum. Kumara et al. have also
shown that the optical absorption peaks shift to higher energies in Au25 nanocluster
due to Ag alloying41. This result has been reproduced computationally by Tlahuice-
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Flores who further showed that the peak corresponding to the HOMO-LUMO gap
shifts to lower energies in alloyed clusters that have greater than 12 Ag atoms136. Sev-
eral groups report on the catalytic activity of the pure Au25(SR)18 system138–141. Jin
et al. have found that Au3 sites in Au25(SR)18 are the most reactive and demonstrated
that with R = CH2CH2Ph, this nanocluster supported on oxides can catalyze Sono-
gashira cross-coupling reaction between phenylacetylene and p-iodoanisole with high
conversion of p-iodoanisole138,142. Using DFT methods, Jiang et al. have presented
a possible mechanism for the selective hydrogenation of α,β-unsaturated ketones to
unsaturated alcohols on the Au25(SR)18 cluster140. Li and Jin have investigated the
catalytic properties of AgxAu25−x(SR)18 and CuxAu25−x(SR)18 based on the selective
oxidation of styrene to styrene epoxide and benzaldihyde143. They have found that
the inner shell doped with Cu or Ag affects the selectivities for the main products.
Li et al. have compared the catalytic activity of titania-supported Au25(SR)18 and
MxAu25−x(SR)18 (M = Pt,Cu, Ag) and found that Au25(SR)18 performed better than
the other bimetalic clusters144. The catalytic activity of MxAu(M = Au,Cu,Ag) sup-
ported on CeO2 has been shown to decrease in the order CuxAu25−x(SC2H4Ph)18 >
Au25(SC2H4Ph)18 > AgxAu25−x(SC2H4Ph)18 by Li et al. based on the CO conversion
to CO2.Their DFT calculations indicate that adsorption energy of CO on the nan-
ocluster follow the same trend as that of the reactivity145. Even though the size of
Au25 nanocluster is quite accessible for the general DFT computational techniques,
it is still challenging to determine the doping sites and geometric structures once the
doping number increases beyond x=4.
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Although experimental work has mapped out the preferred Ag doping sites
to be on the icosahedral shell, the partial occupancy in X-ray analysis only gave an
averaged result, which did not tell the specific configuration of dopants; for example,
whether the Ag dopants would be clustering together or maximally isolated.
Herein, we combine both experimental and computational research to study
structural, electronic, and catalytic properties of Ag substituted Au25-xAgx(SR)18
cluster with x = 6,7,8.
3.1.1 Computational and theoretical Tools
The starting point of our computational procedure is to choose an optimal Au25(SR)18
structure that possesses the geometric and chemical features similar to that of the
actual experimentally synthesized Au25(SC2H4Ph)18 nanocluster. We adopted the
geometry of Au25SC2H4Ph and replaced the -SC2H4Ph with -SCH328.
All the calculations were carried out using FIREBALL, an open source DFT
package which is based on the density functional theory, implemented within a non-
local pseudo-potential scheme106,146. Two types of exchange-correlation density func-
tionals are available with FIREBALL, LDA and GGA (BLYP)106,147. Within the
LDA, the exchange-correlation is designed to reproduce the energy and potential of
the uniform electronic structures. On the other hand, the Becke exchange with Lee-
Yang-Parr correlation functional (BLYP) provides reasonably good energy values for
metal containing systems and high levels of accuracy in the determination of a ge-
ometry optimization148. In our study, the geometric structures and energies are of
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primary focus. Thus, the BLYP exchange was used. As for the basis set, we chose the
optimized numerical local atomic orbitals. These orbital wavefunctions have a cutoff
radii Rc, beyond which the wavefunctions vanish. The single numerical (SN) basis
set was selected for H with Rc values, RHc (s) = 4.1 a.u. and the double numerical
(DN) basis set was selected for C, O and S with Rc values, RHc (s) = 4.3 a.u, RHc (p)
= 4.7 a.u, ROc (s)= 3.6 a.u, ROc (p) = 4.0 a.u, RSc (s) = 4.5 a.u, RSc (p) = 5.0 a.u. For
the metal elements (Ag and Au), we used the polarized basis set sp3d5 by adding a p
orbital to the minimal basis set sd5. The cutoff radii were RAgc (s)= 5.6 a.u, RAgc (p)=
5.9 a.u, RAgc (d)= 4.9 a.u; RAuc (s)= 5.4 a.u, RAuc (p) = 5.8 a.u, RAuc (d) = 5.0 a.u.
Fukui functions
To explain the trends in the catalytic properties of Au25(SR)18 clusters, we used Fukui
functions as the primary reactivity descriptor149,150. Fukui functions are defined as









As there are two ways to change the number of electrons in the system (by
adding or removing), two main kinds of Fukui functions exist. These are electrophilic
(f−(~r)) and nucleophilic (f+(~r)) attack Fukui functions, which are defined as
f+(~r) ≡ ρN0+1(~r)− ρN0(~r)
f−(~r) ≡ ρN0(~r)− ρN0−1(~r).
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Here, ρN0(~r), ρN0+1(~r) and ρN0−1(~r) are the electron densities of the ground state,
one electron added and one electron removed systems respectively. If a particular
site prefers to donate electrons, we expect to see a larger drop in the electron density
at that site when an electron is taken out of the system. For such sites, ρN0−1(~r)
ρN0(~r). Therefore, the larger the f−, the greater is the tendency to donate electrons.
Analogously, the sites with large f+(~r) prefer to attract electrons.
A third form of the Fukui function is also defined as the average of elec-
trophilic and nucleophilic attack Fukui functions; 0.5×(f+(~r)+f−(~r)). This function
is called the radical attack Fukui function. Using f+(~r) and f−(~r) we can define the
dual descriptor (∆f(~r)) as,
∆(f(~r)) = f+(~r)− f−(~r),
which contains information about both the electrophilic and nucleophilic nature of
a given site. If ∆f(~r) > 0, then f+(~r) is greater than f−(~r), indicating that the
corresponding molecular site at position ~r prefers to attract electrons. On the other
hand a negative ∆f(~r) indicates a site preferring to donate electrons.
As Fukui functions are functions of position, generating a visualization show-
ing Fukui values at each spatial grid point is the main way to extract information on
reactivity. This makes it difficult to carry out a quantitative analysis on the reactive
sites of a given molecule. The situation worsens when we have to study the catalytic
properties many systems, as it is the case in our current study. To overcome these
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inconveniences, condesned-to-atom Fukui functions have been defined such that for
any atom k,
f+k = qk(N0 + 1)− qk(N0)
and
f−k = qk(N0)− qk(N0− 1),
where qk is the charge attributed to atom k. Evaluating these functions for a
system with N electrons involves finding atomic charges corresponding to N -, (N−1)-
, and (N + 1)-electron systems. For example, consider gk(~r) as the fraction of the
total electron density (ρ(~r)) that can be attributed to atom k. The Fukui functions



























where ρk(~r) is the electron density associated with atom k. Now to obtain
Fukui functions for each atom, we can integrated ∂ρk(~r)/∂N over the volume associ-
ated with atom k.







Several method exists to evaluate the atomic populations qk. These include
Mulliken,151 Natural Population Analysis,152 Hirshfeld,153 Bader154 and Löwdin155.
FIREBALL implements Mulliken, Natural Population and Löwdin techniques. For
our calculations we used Löwdin population analysis was considered.
An alternate method to directly obtain condensed Fukui functions was pro-
posed by Péreza et al. This derivation is based on the assumption that changes in
the electron density due to the changes in the number of electrons takes place only
in the frontier molecular orbitals156,157. Thus, f+ and f− can be approximated as
f+(~r) ≈ ρLUMO(~r)
f−(~r) ≈ ρHOMO(~r)
Because a particular molecular orbital Φα(~r) can be expanded using the basis
functions, we have,



























































j,αSi,j) = 1 (3.3)
The quantity inside the parenthesis in the last line of Equation 3.3 can be
identified as the orbital component of the Fukui function fαi . By summing all the
orbital components belonging to a particular atom, we can finally obtain the Fukui





We have implemented this method to obtain condensed Fukui functions in
FIREBALL. As pointed out by some researchers, this method suffer from some de-
ficiencies, thus was not used in our calculations.158 However, Equation 3.4 can be
used to estimate the HOMO and LUMO charge associated with atomic sites, which
can also provide useful information on the chemical properties of molecular systems.
FIREBALL-obtained condensed-to-atom Fukui functions of 10 atomic sites are shown
in Figure 3.2, along with the corresponding HOMO-LUMO densities, which are listed
in Table 3.1.
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Site f− f+ f+ − f−
1 0.003061 0.006211 0.003150
2 0.019307 0.007409 -0.011898
3 0.026334 0.009064 -0.017271
4 0.003282 0.023272 0.019990
5 0.003315 0.023352 0.020036
6 0.001466 0.015472 0.014006
7 0.025601 0.018947 -0.006654
8 0.046545 0.013687 -0.032858
9 0.002040 0.010684 0.008644
10 0.001573 0.013346 0.011773
11 0.001605 0.013454 0.011848
Table 3.1: Condensed to atom Fukui func-
tion values (based on Equation 3.4) corre-
sponding to 10 atomic sites
Figure 3.2: LUMO-HOMO electron densi-
ties of Au25(SCH3)18
3.2 Results and discussion
First three subsections of this section discuss structural and electronic properties
of Au25(SR)18, AgAu24(SR)18, Ag3Au25(SR)18 and 6-8 Ag alloyed Au25(SR)18. In
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the last subsection, we present our results on catalytic properties of moderately and
heavily doped Au25.
3.2.1 Au25(SR)18 nanocluster
Au25(SR)18 nanoclusters with both 0 and -1 charge states have been experimentally
realized. However, it has been shown, both experimentally and theoretically, that the
structure with -1 charge state is the most stable. Structurally, there are small differ-
ences between neutral and negatively charged structures, which have been highlighted
in reference 28. For our studies, we also used the negatively charged Au25(SR)18 to
facilitate comparison of our results with prior experimental and theoretical ones.
As the 13 atom core of Au25(SR)18 cluster is an icosahedron, it contains
three mutually perpendicular symmetry axes (see Figure 3.3 (a)). The 12 atoms in
the outer shell are arranged as two pairs along each of these axes (see Figure 3.3 (b)
). Therefore the complete cluster possesses C2 and σv symmetry along the symmetry
axes and inversion symmetry with respect to the center atom. Remarkably, inversion
symmetry is observed to preserve even with the ligands.
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Figure 3.3: Symmetry axis of Au25(SR)18
Bond lengths measured experimentally and calculated with FIREBALL are
given in Table 3.4. Calculated Au-Au bond lengths show excellent agreement with the
experimental results. Other Au-S bonds are slightly overestimated by Fireball, except
for 4-5 bond. The differences between experimental and calculated bond lengths are
sufficiently small. This small difference indicates that Fireball matrix elements are
capable of capturing the correct structural trends in these nanoclusters.
Electronic density of states of Au25(SR)18 is shown in Figure 3.6. HOMO and
LUMO states of Au25(SR)18 are composed mainly of Au-s,Au-p,Au-d and S-p states.
Compared to Au and S states, H and C electron densities at HOMO and LUMO
energies are negligible. The small H and C densities indicate that -CH3 fragments do
not have a significant effect on the reactivity of Au25, in accordance with the frontier
42
Bond Experimental Firabll Difference
1-2 2.338 2.465 -0.127
2-3 2.282 2.473 -0.191
3-4 2.331 2.483 -0.152
4-5 2.310 2.472 +0.162
5-6 2.390 2.581 -0.191
1-7 2.374 2.585 -0.211
2-7 3.243 3.202 0.041
4-6 3.249 3.163 0.086
i-7 2.793 2.794 -0.001
i-6 2.787 2.787 0.000
Figure 3.4: Bond lengths in Au25(SR)18
Figure 3.5: Au-Au and Au-S bonds
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molecular orbital picture. The HOMO-LUMO gap calculated using electronic density
of states (DOS) is about 1.35 eV which underestimates the experimentally obtained
value by about 0.4 eV.
(a) (b)
Figure 3.6: Electronic density of states (DOS) of (a) constituent atoms and (b) core
and shell Au atoms of Au25(SR)18
The electronic structure of thiolated nanoclusters are often described using
the superatom theory159,160. This theory says that molecular orbitals of the nan-
oclusters have shapes similar to those of the atomic orbitals (s,p,d,...). Accordingly,
these clusters are called superatoms: a collection of atoms having similar electron
distribution as in isolated atoms. Superatomic orbitals are designated with upper-
case letters (S,P,D...) to distinguish them from their atomic counterparts. Figure 3.7
shows FIREBALL-obtained molecular orbitals corresponding to HOMO and LUMO
states of Au25(SCH3)18 which resemble atomic p and d states. This result is com-
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patible with the published theoretical data28. Therefore, in Au25(SR)18, HOMO is a
superatom P orbital and LUMO is a superatom D orbital. It should also be noted
that HOMO is three-fold degenerate and LUMO is two-fold degenerate. In agreement
with the DOS results, CH3 fragments do not contain much electron density in HOMO
and LUMO states.
Figure 3.7: (a) HOMO and (b)LUMO electron densities of Au25(SR)18
To ensure that our computations can produce structural trends that are con-
sistent with the published experimental and theoretical results, we considered two
cases where one and three Au atoms in Au25(SR)18 are substituted with Ag.
3.2.2 AgAu24(SR)18 nanocluster
All the studies carried out on single Ag atom substitution in Au25(SR)18 have shown
that the most favorable Ag locations are the surface sites of Au13 and Ag in the
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center results in one of the least favorable configurations.115,131 Figure 3.8 (a) shows
our results on the preferable Ag dopant sites where color coded vertical lines indicate
the location of Ag atoms in each of the 1-Ag alloyed Au25(SCH3)18. In all the 12
lowest energy isomers, the Ag atom is in the surface of the Au13 icosahedron. This
is strong evidence to conclude that these are the most preferable Ag alloying sites.
The structure with a Ag atom in the center is among three least favorable isomers.
According to FIREBALL, alloying the surface of Au13 and one of the staple sites has
a minimum energy barrier of about 0.36 eV.
It is not uncommon to find studies done with -SH as the ligand, as it requires
less computational resources than the calculations done with bigger ligands. However,
as shown in Figure 3.8 (b), usage of -SH can have an effect on the structural trends.
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(a) (b)
Figure 3.8: Structural energy of 1-Ag doped Au25(SR)18 when (a) CH3 and (b)SH
were used as the ligands. Different colors indicate the location of the Ag atom;
red:surface of the Au13, purple:shell, blue:center
3.2.3 Ag3Au22(SR)18 nanocluster
The first detailed study on three Ag atoms alloyed in Au25 was done by Kaufmann
et al.137 According to them, energy decreases as the Ag configuration changes in
this order: shell-shell-center, chell-core-center, shell-shell-shell, core-core-center, shell-
shell-core, shell-core-core, and, finally, core-core-core.
In the attempt to replicate these results, we considered all the possible 2300
3-Ag alloyed confirmations, including the symmetry equivalent and inequivalent dop-
ing sites. The corresponding results obtained with FIREBALL are shown in Figure
3.9 which agree with those of Kaufmanns’ on the highest and and lowest energy con-
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figurations. The differences in the trends can be due to two main reasons: Kafumann
et al. have considered only the symmetry non-equivalent isomers, while we considered
all the possible 2300 isomers and the ligand used in their calculation is -SH, whereas
we modeled our isomers with -SCH3.
Figure 3.9: The effect of the location of Ag atoms on the total energy of
Au22Ag3(SCH3)18
An important observation in Figure 3.9 is that there is a significant reduction
in structural energy for every Ag atom added to the Au13 surface of Au25(SCH3)18.
For example, the average energy difference between shell-shell-shell and shell-core-
center configurations is 0.59 eV. Moving one Ag to the Au13 surface reduces the
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energy further by 0.78 eV. Having three Ag atoms in the Au13 surface is energetically
favorable by about 0.76 eV compared to having two Ag atoms in the Au13 surface.
Thus in terms of energy, the isomers can be categorized into four groups with, 0,1,2,
and 3 Ag atoms in the Au13 surface.
3.2.4 AgxAu25−x(SR)18 nanoclusters (x≥ 3)
At the time we started this work, the maximum number of Ag atoms that can be
doped in Au25(SR)18 was 7. The composition of Au25−xAgx(SR)18 nanoclusters (from
low silver content to moderate then to high silver content) was determined by matrix-
assisted laser desorption ionization mass spectroscopy (MALDI-MS), as shown in
Figure 3.10. Each peak corresponds to a specific number of silver atoms doped into
Au25(SR)18, as labeled on the top of the Figure 3.10; for example, x = 1 indicates
a single silver atom incorporated into the Au25(SR)18 framework and results in the
AgAu24(SR)18 nanoalloy. The intensity of the peak in MALDI-MS corresponds to
the relative abundance of each species, which depends on the reaction time. The
longer the reaction time the larger is the number of Ag atoms corresponding to the
dominant peak in the mass spectrum.38
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Figure 3.10: MALDI-MS of Au25−xAgx(SR)18 nanoalloys
However, the current synthesis procedures result in a mixture of alloyed
species of Au25−xAgx, with x having a range of values as depicted in Figure 3.10. To
obtain a clear picture of the alloyed structures and dopant impacts, our simulations fo-
cused on studying the individual alloying levels (x = 6, 7 and 8) of Au25−xAgx(SCH3)18
clusters. We used 100 structures with Ag atoms substituted at random Au sites for
each alloying level in high-throughput calculations, with an exhaustive search for
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energetically favorable nanoparticles. We optimized all these structures until the
root-mean-square of the force on the atoms fell below 0.05 eV/Å.
Figure 3.11 shows the lowest energy isomers for each alloying level considered
in this work. The Ag locations of the next four lowest energy isomers are given in
Figure A.1 of Appendix A. We saw that the inversion symmetry of Au25(SR)18 is
preserved in the lowest energy 6-Ag alloyed structure. However, this is not the case
in the next four lowest energy isomers. For the case of 7 silver atoms, we cannot
expect to find a structure with Ci symmetry unless its center is substituted with Ag.
This is because for inversion symmetry to exist with an odd number of dopants, the
center atom should be Ag, but we find that in the lowest energy structures, Ag atoms
prefer the surface of the Au13 and avoid the center. Our lowest energy 8-Ag isomer
also did not exhibit any symmetries of the unalloyed Au25(SR)18 cluster.
Figure 3.11: Lowest energy isomers of (a)6-, (b)7- and (c)8-Ag alloyed Au25(SR)18
Figure 3.12 presents our results on the Ag locations in the three structural
units (center, Au13 surface and outer shell) of Au25. We can deduce that the ener-
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getically favorable confirmations are the ones with a majority of the Ag atoms in the
surface level of the Au13 icosahedron of the nanocluster.
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(a) 6-Ag (b) 7-Ag
(c) 8-Ag
Figure 3.12: Location of Ag atoms in (a) 6-, (b) 7- and (c) 8-Ag alloyed nanoclusters
obtained with random Ag substitution (only 50 lowest energy structures are shown
for clarity). Red color bars correspond to the number of Ag atoms in the 13 atoms
Metal surface (M13). Blue color bars correspond to the number of Ag atoms in the
outer shell and green indicates a Ag occupancy in the center.
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To investigate further on the preferred Ag locations, we created another batch
containing 50 structures for each alloying level. But this time we confined Ag atoms
only to the Au13 icosahedron and the Ag sites in the Au13 icosahedron have been
selected randomly. In Figure 3.13, we show the Ag locations of the 10 lowest energy
isomers corresponding to this new batch (with Ag atoms biased to the Au13 core)
together with those corresponding to the calculations done with randomly chosen
Ag sites. We can see that the isomers with all the Ag atoms in the surface of the
Au13 core are indeed the energetically favorable ones. This result agrees with the
experimental findings of Kumara et al. who probed the structure of Au25 alloyed
with roughly six Ag atoms using X-ray crystallography. Their data showed that the
probability to find a Ag atom in the center or in the outer shell is zero.
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(a) 6-Ag (b) 7-Ag
(c) 8-Ag
Figure 3.13: Location of the Ag atoms of the 10 lowest energy isomers corresponding
to calculations done with Ag confined to the Au25 core and with randomly chosen Ag
sites.
Guidez et al. reported that with Xα level of theory, and using three isomers
with two Ag atoms in the surface of Au13 icosahedron, structural energy reduces as
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the distance between two Ag atoms increases.115 To check whether there are any
correlations between the clustering of the Ag atoms and the structural stability, we
defined a clustering factor, which is simply the mean of the distances between the Ag
atoms and their centroid position. Thus, the lower the clustering factor, the closer







Here, i runs over all the N dopant Ag atoms and rc is the mean posi-
tion(centroid) of these Ag atoms.
Our results on clustering factors for 2,6,7,and 8-Ag alloyed clusters are shown
in Figure 3.14. We see that the clustering factors for x=2 are grouped mainly around
four values. The structures with the highest clustering factors are the ones with both
Ag atoms in the staples. Agreeing with the result of Guidez et al., Ag atoms in
the lowest energy isomer are located at either side of the center atom, maximizing
the distance between them. However, there are 5 other structures with the same
Ag configuration with energies as high as the ones with lower clustering factors.
Therefore, the hypothesis of Guidez et al. is not valid when all the isomers are
considered. Also for 6,7, and 8-Ag alloyed structures, higher clustering factors do not
correspond to lower energies, even when only the few lowest energy structures are
considered.
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Figure 3.14: Clustering factors in 2,6,7,8 Ag alloyed Au25(SR)18
Electronic properties
Previously published experimental work on the Ag alloying in Au25(SR)18 shows that
the photon absorption energy increases with the increasing number of Ag atoms
in the cluster.33 This experimental data also shows a significant broadening in the
absorption peaks at the vicinity of the main absorption peak of the Ag alloyed species.
Our density of states (DOS) results, shown in Figure 3.15, are in agreement with this
observation. In Figure 3.15 (e), the weighted average DOS is presented, of which the
weights reflect the relative abundance of each Ag alloyed species, which is based on
the height of the peaks in the mass spectrum. In the un-alloyed structure, there are
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two sharp peaks in the DOS, corresponding to the HOMO and LUMO levels (Figure
3.15 (a)) and a region without any states immediately after the LUMO level. The
absence of states can limit electron transitions at these energies, resulting in very low
absorption intensities. This feature is absent in the Ag alloyed structures. Instead
of a single dominant peak, the LUMO level is composed of a broadened region of
many electronic states in the alloyed nanoclusters. The availability of more LUMO
states enables higher energy HOMO-LUMO transitions than the ones allowed in the
un-alloyed structure. Due to higher HOMO-LUMO transitions, the average photon
absorption energy can increase, creating a peak at a higher energy value in the photon
absorption spectrum of Ag alloyed structures. A closer look at the DOS reveals that
this broadening is mediated mainly by the newly formed silver S states (Figure 3.16).
As the number of Ag atoms increases, the number of these S states at the LUMO
level also increases, thereby amplifying the broadening. The weighted average DOS
(Figure 3.15 (e)) further confirms the emergence of new states between 0 and 0.5
eV as an effect coming from the LUMO electronic states in 6-, 7-, and 8-Ag alloyed
nanoclusters. The HOMO-LUMO energy gap for the Au25−xAgx(SCH3)18 is about
1.5 eV, which is comparable to the experimental absorption peak at 1.8 eV in the
UV-vis spectrum reported by Zhu et al.28
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Figure 3.15: Density of states (DOS) and partial density of states (PDOS) for (a) 0-,
(b) 6-,(c) 7- and (e) 8-Ag alloyed nanoclusters in comparison with the (e) weighted
average DOS and PDOS over 6,7, and 8-Ag cases. (Weights are based on the height
of the peaks in the MALDI-MS (shown in Figure 3.10).)
59
for i in [1,3,5,7,11,12,13]:
(a) (b)
(c)
Figure 3.16: Orbital DOS of 6-,7-,and 8-Ag alloyed Au25(SCH3)18
Figure 3.17 shows the HOMO and LUMO densities of the lowest energy
alloyed isomers. Note that the these images are oriented to highlight the superatomic
orbitals and the location of the Ag atoms. Thus, HOMO and LUMO density images
for a given alloying level were not plotted with the same orientation. The superatomic
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P and D nature of the HOMO and LUMO states observed for the unalloyed case is
still preserved to some extent in the alloyed isomers. The lowest energy 6-Ag alloyed
isomer has its Ag atoms in symmetric positions and the majority of the HOMO
density is distributed at these Ag atoms. However, this is not visible in the next four
lowest energy isomers which do not show any symmetry(given in the appendix). This
is also the case with the frontier orbital densities of the 7 and 8-Ag alloyed lowest
energy isomers.
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Figure 3.17: HOMO and LUMO electron densities of lowest energy isomers of
Au25−xAgx(SCH3)18 for x = 6,7,8. Image orientation was decided such that the lo-
cation of the Ag atoms and the superatom orbitals are visible. Brown: gold; purple:
silver; yellow: sulfur. Isovalue = 0.006
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3.2.5 Catalytic properties of moderately and heavily doped Au25
To find how the catalytic activity of bimetallic Au25(SR)18 changes with the amount
of Ag, our collaborators at the Carnegie Mellon University measured CO 7→ CO2
conversion rates in the presence of Au25(SR)18 as the catalyst at different tempera-
tures. Their results, shown in Figure 3.18, indicate that the conversion percentages
for 4- and 7- Ag alloying levels are less than the conversion percentages for unalloyed
Au25(SR)18 for temperatures below 130 ◦C. Before presenting our calculations, it is
important to understand the details of the experimental procedure carried out to
obtain the results shown in Figure 3.18.
Experimental methodologies
AgxAu25(SC2H4Ph)18 (x = 0-9) nanoclusters were deposited onto CeO2 powders (200
mg) by wet deposition.44 After stirring for 24 h, all the nanoclusters were adsorbed
onto CeO2 support, as the supernatant became colorless. The as-prepared catalysts
were dried at ambient temperature and no further treatment was performed unless
otherwise noted. 100 mg of AgxAu25−x(SC2H4Ph)18 (x = 0-9)/CeO2 was mixed with
quartz wool and tested for CO oxidation in a fixed-bed, continuous flow reactor (8
mm i.d.) under ambient pressure.45 Before CO oxidation test, the as-prepared cata-
lysts were pretreated at 150 ◦C in diluted O2 (O2/He = 10/90 volume) for 1 h and
then cooled down to room temperature. The reaction gas mixture of 3% CO, 10%
O2 and 87% He flowed through the reaction bed at a flow rate of 40 mL min−1.
The reaction products were analyzed by an online gas chromatograph (HP 6890)
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equipped with a carbon molecular sieve column and a thermal conductivity detector.
Matrix-assisted laser desorption ionization (MALDI) mass spectrometry was per-
formed with a PerSeptive-Biosystems Voyager DE super-STR time-of-flight (TOF)
mass spectrometer. trans-2-[3-(4-tert-Butylphenyl)-2-methyl-2-propenyldidene] mal-
ononitrile (DCTB) was used as the matrix. Typically, 0.5 mg of matrix and 0.005 mg
of AgxAu25−x(SC2H4Ph)18 nanocluster (i.e., a 100[thin space (1/6-em)]:[thin space
(1/6-em)]1 mass ratio between DCTB and sample) were mixed in 50 µL of CH2Cl2.
A 10 µL portion of solution was applied to the steel plate and air-dried.
Figure 3.18: Temperature dependent CO conversion rates
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Fukui calculations
In order to figure out a theoretical reason for the reduction in catalytic activity, we
employed condensed-to-atom Fukui functions. The Fukui values were obtained by
finding the charge on each atom of ground state, one electron added and one electron
removed systems. To show that FIREBALL can replicate the trends in Fukui values
reoprted by other researchers, we calculated condensed-to-atom Fukui values of Au55
nanocluster. Using PBE as implemented in the OpenMX electronic structure code,
Allison and Tong showed that electrophilic attack indices (f−) of vertex sites are
greater than edge site f− values.161 Vertex sites are defined as Au atoms that make
five nearest neighbor bonds where as atoms with seven nearest-neighbor bonds are
identified as edge sites. Table 3.2 lists f− values corresponding to five edge and vertex









Table 3.2: FIREBALL-obtained f−k values corresponding to five edge and vertex sites
in Au55.
As the ligand plays an important role in the catalytic activity, we gener-
ated structures with the ligand used in the experimental CO oxidation, which is
CH2CH2Ph. It is important to remind that the nanoparticles which give rise to the
Ag4Au21 and Ag7Au18 curves in Figure 3.18 are composed of clusters containing 3-6
and 5-9 Ag atoms respectively. Therefore, our condensed Fukui calculations should
take account of the contributions from all these clusters. For 3-9 Ag alloyed cases,
100 structures were generated. In 50 of the them, dopant sites were chosen randomly
from the Au13 core. This is because, according to previous calculations with CH3,
these sites were found to be the favorite dopant sites. No such restriction was imposed
on the selection of dopant sites in the other 50 structures.
The composition of these structures in terms of the number of Ag atoms at
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the center, the surface of Au13 icosahedron and the shell sites are shown in Figures
A.2 and A.3 in Appendix A.
We selected 15 lowest energy isomers from each Ag alloyed sample and calcu-
lated the dual descriptor values corresponding to the outer shell sites of these isomers
according to Equation 3.2. We take into account the coexistence of different Ag-
alloyed species in the same experimental mixture by defining a weighted average dual








In Equation 3.5, k stands for a given atomic site and x represent the number






Here, Ei is the total energy of an isomer, kB is the Boltzmann constant, N
is the number of atoms in each isomer. The largest changes in the CO conversion
percentages in Figure 3.18 are observed in the reaction temperature range 85◦ to 100◦.
Therefore in Equation 3.5, T was chosen to be 373.15 K (100◦).
The weighted average dual descriptor values corresponding to each outer shell
site of the alloyed isomers are shown in Figure 3.19. As previously mentioned, sites
with positive ∆f values prefer to attract electrons and the ones with negative ∆f
values prefer to donate electrons. In the unalloyed structure, majority of the outer
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shell sites prefer to donate electrons. However in both 3-6 and 5-9 Ag alloyed isomers,
the tendency of the outer shell sites to donate electrons has reduced compared to that
of the unalloyed structure. Now the question is, how the electron-donating capability
of Au25 affects CO oxidation? A precise answer to this question cannot be provided
as the exact mechanism of CO oxidation with Au25 is not known yet.
Figure 3.19: Weighted average dual descriptor values corresponding unalloyed, 3-6
and 5-9 Ag alloyed Au25(SCH2CH2Ph)18.
However, current experimental evidence by Nie et al. shows that O2 pretreat-
ment dramatically increases CO oxidation.162 They further argue that CO oxidation
takes place at the interface between Au25 nanocluster and the CeO2 substrate. By
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testing catalytic performance with different substrates (TiO2, FeO2 and CeO2), they
showed that the use of CeO2 maximizes the CO2 conversion. They believe that O2
pretreatment creates an abundance of active O2 species at the interracial region be-
tween Au25 and CeO2 (shown in Figure 3.20). Obviously, the presence of active O2
is vital for efficient CO to CO2 conversion. They also argue based on their previous
results on conversion of Au−25 to Au025 by air oxidation, Au25 spontaneously donate
electrons to O2.163 And the acceptance of electrons by O2 forms active O2 species,
like .O2. Obviously, the reduction in the tendency to donate electrons in Ag alloyed
Au25 as indicated by our calculations, adversely affects the formation of active oxy-
gen. Therefore we believe that this reduction in the electron-donating capability of
outer shell sites is highly likely to be a major contributing factor for the observed
reduction in the catalytic activity of Ag alloyed Au25.
Figure 3.20: Current belief is that O2 species at the interracial region between Au25
and CeO2 are vital for CO oxidation.
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Heavily doped Au25−xAgx(SR)18 (x=19-23)
To study the catalytic activity of heavily doped bimetallic Au25(SR)18 structures, S-c-
C6H11 ligand was used in accordance with the experimental requirement that heavily
doped isomers can only be synthesized using this ligand. The ESI mass spectra for
these heavily doped Au25 indicates that the number of Ag atoms in these clusters
range from 19 to 23.164 Accordingly, for each alloying level, we created 100 isomers
having randomly chosen Ag sites. Figure A.4 in Appendix A shows that the number
of Ag atoms in different structural units in Au25(SC6H11)18.
(a) (b)
Figure 3.21: The (a) structure of Au25(S-c-C6H11)18 and the (b) CO conversion rates
in the presence of Ag alloyed Au25(S-c-C6H11)18 as the catalyst.
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According to Figures 3.18 and 3.21 (b), the catalytic the CO rates of heavily
doped Au25 are less than that of 5-9 Ag alloyed isomers. Figure 3.22 depicts weighted
average ∆f values corresponding to 19-23 Ag alloyed isomers together with the those
corresponding to unalloyed and 5-9 Ag alloyed cases. Interestingly, the majority of
the outer shell sites in heavily doped Au25 have positive ∆f values. Therefore, heavy
doping has caused outer shell sites to act as sites preferring to accept electrons. Due to
the reason discussed under the catalytic activity of 3-5 and 5-9 Ag alloyed Au25, this
huge reduction in the electron donating capability in heavily doped Au25 compared
to the unalloyed cluster can be a major reason for the significant drop in the catalytic
performance of heavily doped Au25.
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Figure 3.22: Weighted average dual descriptor values corresponding to 19-23
Ag alloyed Au25(S-c-C6H11)18 in comparison with unalloyed and 5-9 Ag alloyed
AgxAu25−x(SC2H4Ph)18.
3.3 Electronic and structural properties of other cluster sizes
In this section we provide a summary of the electronic and structural properties of
some selected nanoclusters.
When discussing the structural trends, we use Boltzmann weights correspond-
ing to ten lowest energy isomers to obtain weighted average quantities. For example,






where ni is the number of atoms in isomer i and Wi is the Boltzmann factor
given by Equation . Also, for all the structures in this section,a shell metal atom is
defined as the ones having exactly two bonds with S atoms as done in reference 165.
Unless stated otherwise, all the Au atoms which do not fall in to the shell category
are classified as core atoms. And I use letter x to denote the number of dopant Ag
atoms in a given cluster. The ligand used in all the nanoclusters in this section is
CH3 ≡ R.
3.3.1 Au18(SR)14
Figure 3.23: Structure of Au18SR14
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In 2015, Chen et al. reported the crystal strucutre of Au18(SR)14, making it the
smallest thiolated nanocluster of which the molecular structure has been experimen-
tally characterized166. Similar to Au25(SR)18, the Au18(SR)14 can be identified as a
core-shell nanocluster. The 9 atom core is surrounded by 3 monomeric(SR-Au-SR),
one dimeric(SR-Au-SR-Au-SR) and one tetrameric(SR-Au-SR-Au-SR-Au-SR) staple
units. In Figure 3.24 we show the weighted average number of Ag atom in the core
and the shell. We see that the number of Ag atoms in the core increases with the total
number of Ag atoms(x) in the cluster and plateaus when x = 12. The number of Ag
atoms in the core at this point is about 6. For x<12, the majority of the Ag atoms is
in the core. When x is increased beyond 12, shell sites started to get predominantly
occupied by Ag silver atoms. It is interesting to note that even when x=17, not all
the core sites are substituted with Ag and for x>14, the preferable Ag dopant sites
seem to be in the shell.
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Figure 3.24: Structural trends in Ag alloyed Au18SR14
The average DOS shown in Figure 3.25 indicates that Ag doping affects both
HOMO and and LUMO states. Compared to LUMO, HOMO states show greater
broadening due to Ag doping. The experimental absorption spectra obtained by
Chen et al. shows features at 670 nm, 580 nm, 480 nm, and 380 nm166. Our HOMO-
LUMO gap, which is about 1.7 ev closely matches with the energy corresponding to
the peak at 670 nm (1.85 eV). With increasing x, a consistent shift of the HOMO
level energy to higher energies and a drop in the HOMO level electron density is
observed. Thus, we predict a drop in the HOMO-LUMO photon absorption intensity
as the number of Ag atoms in the system increases.
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Figure 3.25: Density of states of Ag alloyed Au18SR14
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3.3.2 Au20(SR)16
Figure 3.26: Structure of Au20SR16
The crystal structure of Au20(SR)16 was predicted by Pei at al. and Jiang et al.167,168.
However the experimentally obtained structure by Jin et al. in 2014 with SPh-tBu as
the ligand was quite different from these theoretically predicted ones169. This nan-
ocluster comprises of a 7-atom gold core surrounded by a Au8(SR)8 ring (which was
observed for the first time in a nanocluster) and monomeric and trimeric staple units.
Accordingly there are 13 atoms in the shell. Interestingly, bonds connecting S and the
core Au atoms were not observed in this cluster. However strong Auring-Aucore bonds
are believed to stabilize its structure. Jin et al. further showed that Au20(SR)16 can
be thought of as the basic structure of a series —Au20(SR)16, Au28(SR)20, Au36(SR)24,
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Au40(SR)28 —which evolves with the addition of Au8(SR)4 units. The number of elec-
trons in this series increases as 4,8,12 and 16 respectively. Thus, these nanoclusters
do not comply with the superatom theory.
According to our calculations (Figure 3.27) the number of Ag atoms in the
core increases with the increasing number of total Ag in the system. However, even
when x=18, when the cluster is predominantly doped with Ag, the core sites are not
being fully occupied by Ag. Similar to Au18(SR)14, the shell sites happen to be the
most favorable dopant locations when the cluster is heavily doped with Ag.
Figure 3.27: Structural trends in Ag alloyed Au20SR16
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Also as we saw in the case of Au18(SR)18, HOMO states of Au20(SR)16 are
significantly affected by Ag doping, except when the number of dopants are small.
The LUMO states are not greatly affected except for a slight broadening. Therefore
it is likely that the HOMO-LUMO gap of this cluster cannot be changed by doping
with one or two Ag atoms.
Figure 3.28: Density of states of Ag alloyed Au20SR16
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3.3.3 Au24(SR)20
Figure 3.29: Structure of Au24SR20
In 2009, Jin et al. reported the synthesis of Au24(SR)20 through one-pot for one-
structure process170. This is another structure of which the stability cannot be ex-
plained with the superatom theory. The purified Au24(SR)20 cluster exhibits a main
absorption peak at 765 nm which corresponds to the HOMO-LUMO gap and another
shoulder band at 400 nm. The structural trends in Ag alloyed Au24(SR)20 are similar
to those of Au20(SR)16. There are 8 core sites and 16 outer shell sites in Au24(SR)20.
The Ag population in the shell gradually increases as x increases. When x=9, both
the core and the shell seem to contain equal amounts of Ag atoms. The core gets
saturated with Ag, when the total number of Ag is 21.
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Figure 3.30: Structural trends in Ag alloyed Au24SR20
Unalloyed Au24(SR)20 cluster posses a HOMO-LUMO gap of about 2.0 eV.
As the number of Ag atoms in the system increases, the HOMO level tends to shift
to lower energies. Shifts in the LUMO level on the other hand are not uniform. For
x=1 and x=6, LUMO level is slightly shifted toward lower energies while for x > 12,
the shift in the LUMO level is toward higher energies.
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Figure 3.31: Density of states of Ag alloyed Au24SR20
3.3.4 Au30(SR)18
Crystal structure of Au30(SR)18 was independently resolved by Dass et al. and Jin
eat al. using S-tBu and S-Adm as the protecting ligands respectively171,172. The core
and shell consists of 17 and 13 atoms respectively. Contrary to the the trends in the
Ag location for other nanoclusters with the number of Au atoms less than 30, the
most preferable dopant locations in Au30(SR)18 remain to be in the core, even for
heavy doping. However, the number of Ag atoms in both core and shell progressively
increases with the increasing number of dopants introduced to the system.
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Figure 3.32: Structure of Au30SR18
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Figure 3.33: Structural trends in Ag alloyed Au30SR18
The HOMO-LUMO gap is about 1.2 eV. The energies of the frontier molecular
orbitals are not affected for small amounts of Ag doping, The shifts in the HOMO
and LUMO level energies are observed for x > 9 and with heavy doping, a significant
shift in the LUMO level toward lower energies can be seen.
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Figure 3.34: Density of states of Ag alloyed Au30SR18
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3.3.5 Au36SR24
Figure 3.35: Structure of Au36SR24
Jin et al. reported the discovery of Au36(SR)24 nanoparticle with SPh-tBu as the
ligand in 2012173. This nanoparticle was synthesized by reacting Au38(SCH2CH2Ph)24
with HSPh-tBu. The core of the nanoparticle consists of 28 gold atoms arranged in
form resembling the FCC crystal structure. The other 8 gold atoms form 4 dimeric
staples each consisting of 3 sulfur atoms. They also report a HOMO-LUMO gap of
1.5 eV for the DFT optimized structure. In another study, Jin et al. examined the
bonding properties of this nanoparticle and showed that Au28 core contains pseudo-
Au4 units with strong Au-Au bonds174. There has been no reported work on doping
the Au36(SR)24 system. Our calculations show that the preferable Ag dopant sites are
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in the core of Au36(SR)24 even when the number of dopants are as high as 24. This is
not a surprising result as out of the 36 Au sites only 8 have classified as belonging to
the shell. The presence of Ag in the staple units is only visible for number of dopants
greater than ∼12.
Figure 3.36: Density of states of Ag alloyed Au36(SR)24
Interestingly, the LUMO states of Au36(SR)24 are the least affected due to
Ag doping when compared with the DOS of the other nanoclusters considered in this
section. A major reason for this could be the availability of a large number of dopant
sites in the core of Au30. Therefore even with heavy doping, the structure of Au30
is not that affected, as most of the Ag atoms occupy the core, which is stabilized by
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the protecting ligands. However, for x>6 we see that both HOMO and LUMO states
are broadened as in the case of other nanoclusters. The HOMO-LUMO gap of the
unalloyed cluster is about 1.76 eV. The shifts in the frontier molecular orbital energies
due to Ag doping are negligible. However, because of the considerable broadening in
these states, we expect to see an increase in the photon absorption intensity with the
increase in the amount of Ag in the system.
Figure 3.37: Density of states of Ag alloyed Au36(SR)24
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3.3.6 Au38(SR)24
Figure 3.38: Structure of Au38SR24
Crystal structure of Au38(SR)24 was first determined by Qian et al. by X-ray crys-
tallography in 2010175. Prior to the experimental determination, two predictions on
the structure of Au38(SR)24 were made by Pei et al. and Lopez-Acevedo et al.176,177.
While both these predictions are similar, the one by Lopez-Acevedo was the closest to
the experimental structure. This is also a core-shell nanoparticle with core consisting
of 23 gold atoms. The structure of the core, can be viewed as formed by the fusion of
two Au13 units by sharing three Au atoms in a triangular facet of one of the Au13 unit.
This core is stabilized by three monomeric and six dimeric staple-like units. Lopez-
Acevedo et al. also showed that the electronic structure of Au38 could be explained
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using the particle in a cylinder model.177 This has a large HOMO-LUMO gap. Jung
et al. tested the stability of Au38(SR)24 for the ligands CH3, C6H13, CH2CH2Ph, Ph,
PhF, and PhCOOH.178 Negishi found that Au38(SR)14 can be doped with up to two
Pd atoms36.
Similar to Au30(SR)18 cluster, preferable dopant sites are in the core for all the
doping levels considered. However, as it is the case with other thiolated nanoclusters,
occupancy of core and shell sites by Ag consistently increases with the increasing
number of dopants. It should also be noted that both in Au30(SR)18 and Au38(SR)24,
even when there is only one Ag atom, there is a probability for it to occupy a shell
site. This is somewhat surprising given that both these structures prefer to keep the
dopants in the core even with heavy doping.
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Figure 3.39: Structural trends in Ag alloyed Au38SR24
As it is the case with most of the thiolated clusters we examined so far,
the electronic properties of frontier molecular orbitals of Au38(SR)24 are not affected
due to small amounts of Ag, as indicated by the similar shapes of the DOS peaks
corresponding to HOMO and LUMO states. However, starting from x=3, HOMO
and LUMO states are shifted toward higher and lower energies respectively, resulting
in a smaller HOMO-LUMO gap. Despite for the fact that the HOMO state of 100
% Ag doped structure exhibits the greatest shift, its LUMO state is only slightly
shifted compared to the unalloyed structure. Another interesting feature is that the
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densities of both HOMO and LUMO states gradually decrease as the number of Ag
atoms increases.
Figure 3.40: Density of states of Ag alloyed Au38SR24
3.3.7 Au102SR44
Figure 3.41: Structure of Au102SR44
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Au102SR44 is the first thiolated nanocluster of which the structure was experimen-
tally determined.27 This structure consists of three shells with 39,40 and 23 gold
atoms respectively. The shell with 23 gold atoms interact with 44 monomeric sta-
ples each consisting of one Au atom and two sulfur atoms. Gao et al. and Li et al.
showed using DFT calculations that Au102SR44 cluster has a HOMO-LUMO gap of
about 0.5 eV179,180. The ligands in the staple units have significant effect on this gap
as the DOS of bare Au102SR44 without ligands shows a gap smaller than 0.16 eV.
Later experimental/theoretical work by Hulkko et al. also confirmed the existence
of the HOMO-LUMO transition with 0.5 eV of energy181. Gao et al. studied the
ligand effects in Au102(p-MBA)40(p-BBT)4 and suggested (CH3)2−C6H4−SH) and
para-amino benzenethiol (NH2−C6H4−SH) as favorable candidates over p-BBT.
Our calculations show that in Au102SR44, Ag atoms prefer to occupy the
innermost core even with heavy doping. The Ag occupancy in two outer shells also
seem to increase linearly as the number of dopants increases.
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Figure 3.42: Structural trends in Ag alloyed Au102SR44
Even though slight shifts in the LUMO level can be seen for x = 2 and x
= 10, major changes to the electronic structure of Au102 is visible when the number
of dopants increases beyond 30. With 80 Ag atoms the HOMO-LUMO has almost
disappeared. A further analysis showed that a HOMO-LUMO gap still exists in the
four lowest energy structures for x=80. However, the DOS of some of the structures
having energies greater than that of the fifth lowest energy structure shows significant
modulation close to the LUMO energy. The absence of a gap for x=80 is due to these
modulations being taken into account when calculating the average DOS.
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Figure 3.43: Density of states of Ag alloyed Au102SR44
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CHAPTER IV
PREDICTING THE ADSORPTION ENERGIES IN THIOLATE PROTECTED
NANOCLUSTERS
4.1 Introduction
Thiolated gold nanoclusters are one of the most widely studied systems in contem-
porary research. The increased interest isattributed to several promising applica-
tions proven for thiolated gold nanoclusters in a variety of fields including catalysis,
sensing, electronics, and biomedicine.121,142,145,162,182–191 Given recent advancements
in synthesis techniques, bimetallic counterparts of these systems are also produced,
thereby enabling further tuning of electrochemical properties of Au-based nanoclus-
ters and subsequently widening the scope oftheir applicability.33,130,137,145 Unfortu-
nately, combinatorial barriers exist, which prevent fast identification of correct cluster
compositions for chosen applications; subsequently, the enormity of the number of al-
loyed systems provides challenges for characterization. Furthermore, no theoretical
methods exist to explore all combinatorially possible alloyed configurations within a
practically sensible time frame. For example, the number of bimetallic configurations
for the smallest known thiolated nanocluster, Au15(SR)13, is combinatorially over
32000, which yields a significant computational challenge tocharacterize all potential
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structures. The existence of over 30 different thiolated nanoclusters composed of 15
to 144 Au atoms increases the importance for developing smart approaches capable
of making reasonable property predictions.192
In recent years, different approaches of defining coordination numbers were
proposed to predict adsorption properties in metal nanoclusters without ligand passi-
vation.193–197 How-ever, the presence of ligands containing different nonmetallic atoms
oriented in different directions gives rise to extra complexity in the adsorbent−adsorbate
interactions. This complexity is difficult to capture with coordination numbers alone.
In this work, we propose an efficient machine-learning model aided by a fast ab initio
density functional theory(DFT) approach to accomplish adsorption-energy predic-
tions in alloyed thiolated nanoclusters. In our model, we use only the structural
properties of the adsorbate-free, nonrelaxed systems.We do not use the knowledge on
adsorbent-adsorbate interactions or structural/electronic properties of the optimized
configurations (which requires performing many additional DFT calculations). While
this can affect the prediction accuracy, our model can serve as a very fast technique
to filter out a set of candidates for further testing.We demonstrate performance of the
model by predicting CO adsorption energies in Ag-alloyed Au25(SR)18. CO oxidation
has long been the preferred reaction to study the catalytic properties of Au-based
systems.145,162,198–200 Also, catalytic COoxidation has been tested as a mechanism
to remove poisonous CO from H2 in fuel cells.201 In our recent work, we found that
CO adsorption on Ag-alloyed Au25 is sensitive to the number of dopants, and the
adsorption energies do not have a predictable trend.202 To the best of our knowledge,
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this is the first machine-learning study done for thiolated Au-based nanoclusters.
4.1.1 Machine learning
The definition given by Tom Michel at the Carnegie Mellon University for a machine
learning algorithm is, “A computer program is said to learn from experience E with
respect to some class of tasks T and performance measure P if its performance at tasks
in T, as measured by P, improves with experience E ”.203 Machine learning algorithms
fall into two main categories: unsupervised and supervised learning. What is common
to both these methods is the requirement to feed the machine learning algorithm
with input data. This input data is a numerical representation of the domain under
study and is composed one or more categorical or continuous variables - known as
features in the machine-learning language. In unsupervised learning, the algorithm
tries to find either trends in data or similarities among different data. Clustering
is an example of unsupervised learning, where the machine learning algorithms like
K-means, Gaussian mixtures and affinity propagation are tasked with grouping the
input data into a particular number of groups. In supervised learning, the algorithm
has to build relationships between a set of independent variables and target variable(s)
based on input data. When a new set of data corresponding to independent variables
are fed into the algorithm, it should be able to predict the values corresponding to
the target variable(s). Based on the task at hand, supervised learning algorithms are
further divided into two categories: classification and regression algorithms.
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4.1.2 Machine learning based materials property prediction
Several groups have successfully employed modern machine learning models to pre-
dict many electrochemical properties. In 2011, Pereira et al. used variety of models
including, k nearest neighbors, random forests, support vector machines to predict
Mayr electrophilicity parameter. They were able to obtain a prediction accuracy of
0.92 (R2) using a support vector machine model that used descriptors.204 They also
reoprted that Mayr electrophilicity is highly correlated with DFT-obtained LUMO
energy. In 2012, Rupp and co-workers developed a machine learning model to pre-
dict atomization energies of molecules containing C,H, N, O and S.205 They defined
a ‘Coulomb matrix’—which is based on the chrage on each atom and the distance
between any pair of atoms —to represent each molecule. Using a Gaussian kernel
ridge regression model, they achived a prediction accuracy of 30.1 kcal/mol (root
mean squared error(RMSE)). Also using a Gaussian kernel ridge regression model,
Huan et al, predicted atomization energy, zero-point energy, isotropic polarizability,
heat capacity and HOMO-LUMO gap of molecules composed of H, C, N, O, F.206
Their approach to represent a molecule was based on the number of different building
blocks (for example atoms and bonds) of the molecule. An attempt to predict con-
densed Fukui functions using a random forest based model by Zhang et al resulted in a
prediction accuracy of 0.68-0.69 (R2).207 The Ramprasad group is known for develop-
ing machine learning models predict properties in polymers. In 2016, they Gaussian
kernel ridge regression to predict band gaps and dielectric constants of polymers com-
posed of seven different building blocks: CH2, NH, CO, C6H4, C4H2S, CS and O.208
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Pilania et al. also developed a kernel ridge regression model to predict band gaps in
double perovskites.209 Performance of their model was evaluated using two types of
features: primary and compound. Primary features consisted of Pauling’s electroneg-
ativity, ionization potential, highest occupied atomic level, lowest unoccupied atomic
level, and s-, p- and d- valence orbital radii. Compound features were generated by
raising primary features to different powers and multiplying combinations of features.
However, the model performance was found to be similar irrespective of the type of
features used. Borboudakis et al employed machine learning to predict CO2 and H2
adsorption in metal organic frameworks(MOFs).210 The predictive capability of sup-
port vector regression, random forest and linear regression algorithms were recorded
and the one with the best performance was selected to train the data for final pre-
diction. Pereira et al developed a random forest based model to predict HOMO and
LUMO energies of neutral organic molecules obtained with B3LYP exchange corre-
lational functional.211 They used more than 111000 structures to train the random
forest model 9989 structures to evaluate the predictive power. Mean absolute errors
of 0.15 ans 0.16 eV were achieved for HOMO and LUMO energy predictions.
The basic workflow of the models described above is as follows: (1) ener-
getically relax the molecular/crystalline systems, (2) create a dataset containing the
target property and a set of numerical fingerprints of these systems, and (3) train
and test machine learning algorithms on these datasets to arrive at predictions. A
major drawback of this approach is the difficulty to deal with large systems. Energet-
ically relaxing such systems takes a long time, which compromises on the temporal
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advantages of machine learning.
4.2 Computational Methods
The success of any machine learning method depends on the quality of the numer-
ical representation of the system under study. Such representations, realized as a
collection of numerical fingerprints are commonly known as features. The features
in our case fall into four main categories based on (i) distance between atoms, (ii)
atom/bond counts, (iii) graphical representation of the cluster and (iv) volume en-
closed by atoms.
We begin our investigation by examining the Au25structure, which consists
of a core of 13 Au atoms surrounded by six SR−Au−SR−Au−SR staple-like units,
where SR stands for thiolate ligands (see Figure 3.1 in Chapter 3 for a detailed illus-
tration of the Au25 structure). The main adsorption sites in thiolated nanoclusters are
the Au atoms on the surface and the facets formed by surface Au atoms.138,142,198,212
Our features are applicable to any adsorption site. For the demonstration of our
method, we only considered adsorption on Au atoms on the surface of Au25 (blue
atoms in Figure 1). All the CO-adsorbed structures were energetically relaxed us-
ing the same force tolerance used for adsorbate-free Au25 structures to facilitate
adsorption-energy calculation.
Distance between Ag atoms and the adsorbent site (|rAS−Ag| = |rAg − rAS|,
where the abbreviation ‘AS ’stands for the adsorption site) is the basis of the distance
based features (see Figure 4.1 (a)). Mean and standard deviation of |rAS−Ag| form
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two basic features (d1,d2). Features d3-d7 are based on the centroid position of the
Ag atoms relative to the adsorbent site. In other words, centroid is the average of
rAS−Ag corresponding to all the dopant sites. Depending on whether all the Ag atoms
in the cluster or just the ones in the core region are considered, two forms of centroids
result; c1 = rAS−Ag:core Ag and c2 = rAS−Ag:all Ag. Distance between the adsorbent site
and these centroids form features d3 and d4. Features d5-d7 measure how closely the



















Here,the index i runs over all the N number of Ag atoms in the cluster.
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Figure 4.1: CO/Au25system. (a) Distance based features are based on the position
of the dopant atoms relative to the adsorption site. (b) Hypothetical boundaries of
the two nearest-neighbor layers are shown with dashed red curves. AS stands for
the CO adsorbent site. Adsorbent Au/Ag atomic sites on the surface are colored in
blue. Orange is used for Au/Ag sites in the core inaccessible for CO because of steric
hindrance.
By identifying the atoms as belonging to different layers based on their dis-
tance to the adsorbent site, we define another class of features. As marked by the
red-dashed curves in Figure 4.1 (b), boundaries of each layer are defined as concen-
tric circles having radii equivalent to the distance between the adsorbent site and
neighbors nearest to the adsorbent site. Basic building blocks of a nanocluster are
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atoms. We can also define higher order building blocks such as A−B bonds (bonds
connecting A and B atoms), or A−B−C and A−B−C−D fragments in each layer ”l”;
accordingly, for Au25, we have created 81 atomic-bonding features. For each feature,
we can subsequently make a normalized count. Fore example, if a particular layer
contains six C, three H, and five S atoms,normalized counts are 6/(6 + 3 + 5), 3/(6
+ 3 + 5), and 5/(6 + 3 +5) for C, H, and S, respectively.
A molecule can also be defined via graphical representation (Figure 4.2).
Atoms and bonds in the molecule become nodes and edges of a graph. Using this
type of representation, the following features were defined: (1) number of Ag atoms
within a path length of three units from AS (g1),(2) total number of atoms within
a path length of two units from AS(g2), (3) number of edges connecting two metal
atoms within a path length of three units from AS (g3), (4) shortest path lengths
between AS and the eight nearest-neighbor Au or Ag atoms (g4−g11). We add a
constant to the path length when the metal atom is Ag. This gives a sequence of
numbers representing the metallic environment and the relative AS−metallic atom
distance.
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Figure 4.2: By converting the nanocluster to a graph, we defined features that provide
the learning algorithm information on the connections between atoms.
Volumetric features include the volume enclosed by AS and 15 of its nearest
neighbors (v1) and the volume enclosed by the AS and all the Ag sites (v2). Visual
representations of these features are depicted in Figure 4.3. Apart from these features,
numerous other features were also designed based specifically on the geometry of
the thiolated nanoclusters. However as we wanted to create a geometry-independent
model these features were not included in the final model. Nevertheless these features




Figure 4.3: Volume based features (a) v1 and (b) v2.
Now that we have defined a set of features to describe the Au-based nan-
ocluster and the absorbent site, we generate data from DFT calculations to discover
correlations between different features and the absorbent site. Of course, machine-
driven algorithms are only feasible when very large data sets are available; small data
sets increase statistical anomalies. To prepare the data set, we generated AgxAu25−x
nanoclusters with x ranging from 1 to 25. We created at least 500 isomers with ran-
dom Ag sites for each alloy case, with x = 4-21. For the remaining alloying levels (x
= 1−3 and x = 22−25), we created all possible Ag-alloyed configurations. All the
calculations presented in this work were performed using FIREBALL.106 We chose
the Becke108 exchange with the Lee-Yang-Parr correlation functional109 (BLYP) to
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perform structural relaxations. The basis set is made of optimized numerical local
atomic orbitals, which were confined to regions limited by the corresponding cutoff
radii rc. The rc values used for our study are given in Appendix B. The chosen basis
set and the DFT functional as implemented in FIREBALL have been successfully
validated by several previous studies on Au nanoparticle systems.164,202,213–215 The
adsorbate-free Ag-alloyed structures were energetically relaxed until the root-mean-
square error of the force on the atoms was less than 0.05 eV/Å.
An inspection of structural energies of AgxAu25−x revealed jumps in the en-
ergy profiles around the 15th lowest energy for most of the alloying levels (see Figures
S2 and S3 for energy profiles of alloying levels 1-24). These jumps will be hereafter re-
ferred to as “gaps ”in the energy profiles. It is likely that the higher energy structures
above these energy gaps have a low probability to exist. This assumption is based on
the experimental studies of one-Ag-alloyed Au25, which have shown that preferable
Ag sites are on the surface of the Au13 core.38,41 Interestingly, all the structures with
a Ag atom on the surface of the Au13 core are the ones having energies below the
gap in Figure B.2 in APPENDIX B. Therefore, a statistically meaningful data set
may consist of structures with energies less than the energy corresponding to the gap.
However, such a selection criteria results in poor representation from alloying levels
having low-lying energy gaps. This lack of representation reduces the generalizability
of the model. Hence, to maximize the number of data points, while avoiding the
effect from the high-energy structures, we selected the 15 lowest energy structures
from every alloying level to determine the CO adsorption-energy data. As there are
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12 Au sites on the surface of Au25, the number of CO-adsorbed structures considered
were 12 × 25 × 15.
We should note that lowest-energy adsorbate-free Au25 may not always be
associated with lowest-energy CO-adsorbed structures. However, we did not restrict
the number of CO-adsorbed structures based on their energies. This is because, when
a reaction takes place, only the most energetically favorable Au25 have the likelihood
to exist, and CO gets adsorbed on these stable Au25. Removing the higher energy CO-
adsorbed data from the model results in our model being applicable only to a small
niche of adsorbate-free Au25 associated with low-energy CO-adsorbed Au25. Such
limitations reduce the practical importance and the generalizability of our model, as
it will fail to predict the adsorption energies of most of the experimentally synthesized
Au25.
The adsorption energy is calculated according to (E = ECO/AgxAu25−x −
EAgxAu25−x −ECO) for CO binding at the Ag/Au sites (at the outer shell of the nan-
ocluster). The final data set is a (number-of-configurations) × (number-of-features
+ 1) matrix, with each row corresponding to a different calculated Ag-alloyed con-
figuration. One of the columns contains the adsorption energies, and the rest of the
columns correspond to different features.
4.3 Results and discussion
A distribution of our calculated adsorption energies is shown in Figure ??. These
energies have a mean of −0.72 eV and a skewness of 0.99. The positive skewness in-
108
dicates the presence of values deviating from the mean toward the positive energies.
Machine-learning algorithms generally prefer normal distributions. Thus, we trans-
formed all the adsorption energies according to ln(E+ constant). Here, the constant
has to be chosen so that the skewness of the distribution is minimized. We found
that a minimum skewness of -0.002 results when 2.5 is chosen as this constant.
Figure 4.4: Variation of adsorption energies
Developing and testing our model consists of two phases. In the first phase,
we evaluate the performance of different machine-learning algorithms using all the
defined features. Tree ensemble methods like random forests48,49 and xgboost 50
performed better than neural networks and other regression methods like linear, ridge,
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kernel ridge, and support vector regression. For this study, we chose random forests
as implemented in the Scikit-learn Python library.
Random forests are a collection of decision trees. These trees are grown
by choosing a particular number(n) of random samples containing a random subset
of features at a time. These selections are done with replacement so that different
selections may contain same samples. Final prediction is given by the average outcome







More details on how a random forest is grown is given in the APPENDIX B.
Next task is to train the machine learning algorithm (in our case random
forests) to learn the relationships between the target variable (adsorption) energy and
the various features. Our training process consists of two phases. In the firstphase,
prior to feeding the features to the random-forest algorithm, each feature was scaled
such that each had a zero mean and unit variance. This is to ensure that no single
feature will dominate the objective function of the algorithm, ignoring the effects of
other features with lower variance. Next, we randomly split the whole data set as
training and testing sets according to an 80:20 ratio. Using the data in the training set,
a random forest with 100 trees was trained with five-fold cross-validation (explained
in APPENDIX B). We used the built-in feature ranking method in random forests
to determine the best features based on their contribution to the prediction accuracy.
Figure 4.5 shows the top 10 features along with their Pearson correlation coefficient
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and mutual information values with respect to the adsorption energy. The Pearson
correlation coefficient quantifies the linear dependence between two variables, while
mutual information is a measure of both linear and nonlinear dependence. The top
10 features have decent linear dependencies with adsorption energy, even though
our features are based on the geometric properties of nonrelaxed structures. As the
adsorption energies were calculated using DFT-relaxed structures, these correlation
values indicate that our features are likely related to the local chemical environment
at the vicinity of adsorbent sites of the synthesized structures. Not surprisingly, the
simplest possible feature for an alloyed system, the number of dopant Ag atoms (nAg)
has the greatest effect on the prediction accuracy. However, as will be shown, nAg
alone is not enough to achieve the maximum accuracy. It is also worth noting that
all the distance-based features are among the top 10 features.
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Figure 4.5: Highest ranking important features selected by random forests and the
corresponding Pearson correlation coefficient and mutual information values. nAg
is the number of Ag atoms; d3−d5 are measures of how closely the Ag atoms are
clustered around the centroid of the Ag locations relative to the adsorbent site; HCH1
is the normalized number of H-C-H fragments in the first layer of neighbors nearest
to the adsorbent site; d1 and d2 are the mean and standard deviation of |rAS−Ag|,
and v2 is the volume enclosed by the adsorbent site and the Ag sites.
The feature−feature correlations in Figure 4.6 indicate that the number of
dopant Ag atoms has the greatest correlation to the other top 14 features (the feature
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v2 has the next highest correlation to the other features). One interesting aspect is
that Ag dependency is directly inherent in many of the defined features, particularly
features based on centroids and bonding information. However, the number of dopant
Ag atoms are not directly defined within the feature HCH1, which corresponds to the
normalized number of H−C−H fragments in the first layer of neighbors nearest to the
adsorbent site, as it is independent of the number of dopant Ag atoms. Surprisingly,
despite the lack of defined dependency between the two features nAg and HCH1,
there is a strong correlation between these two features (value of 0.68) as indicated
in the correlation map of Figure 4.6.
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Figure 4.6: Features that are highly correlated with the adsorption energy according
to Pearson correlation measure.
The features specifically designed to measure the clustering of the Ag (d5,
d6, and d7) are among the top five features. It is surprising to find that d6 and
d7 contain almost the same information on linear dependence (correlation coefficient
of 0.99), even though they are based on different centroids. This strong correlation
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indicates that Ag atoms are clustered around a similar central position. Despite the
close relationship between d6 and d7, random forests has considered both as highly
important. Even though d5 has the lowest correlation values compared with the top
5, it has been ranked as the second most important feature. This could be due to
d5 having interactions with the other features. Even v2 is an indirect measure of the
clustering, as the volume enclosed by the adsorbent site and the Ag atoms decreases
with Ag atoms being clustered within a proximity to each other.
The counts of building blocks were previously shown to be effective in other
systems, and we were inspired to add these as features for our investigation;?,?, 206,207
however, we note relatively poor scores for building block features with one exception.
The occurrence of HCH1 (number of HCH units in layer 1) as one of the important
features (seen in Figure 4.5) shows that orientation of ligands also plays a significant
role in predicting the adsorption energies. This is because H−C−H units are only
found in the ligands that are more readily located near CO adsorption sites.
There is no strong agreement between the trends in Pearson correlation and
mutual information with that of the feature importance, even though for features
between nAg and d1 in Figure 3, high mutual information values are generally asso-
ciated with high feature importance. This was further confirmed by constructing an
extended correlation map by considering more features (for example, see Figure B.4
in APPENDIX C). We notice that the features d5−d7 and v2 are among the highest
scoring mutual information values but not among the features with highest Pearson
correlation coefficients. This may indicate that nonlinear relationships between the
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adsorption energy and the features play an important role in the prediction. We also
note that the features having a negative linear correlation with adsorption energy (for
example, AgAuAu1 and AuAgAu2) have low effect on the prediction.
Once the feature importances are found using the random forest model, we
use another random-forest model (also with 100 trees) to find the best subset of
features that maximizes the prediction accuracy. For example, as shown in Table 4.1
we iteratively increase the number of top features (as determined by the first random
forest) included in the second random forest and find the features corresponding to
the best accuracy.
Number of top features R2 (validation) Features included
1 0.483 nAg
2 0.746 nAg, d5,
3 0.765 nAg, d5, d6,
4 0.726 nAg, d5, d6, v2,
5 0.728 nAg, d5, v2, d6, d7
6 0.706 nAg, d5, d6, v2, d7, a2
Table 4.1: Change in the validation accuracy (R2) with respect to the number of best
features in phase 1.
Using the new set of features selected in the cross-validation (highlighted in
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Table 4.1 ), we can create additional features in the second phase known as feature
engineering. Accordingly, new features were created as x2, x3,
√
x and ln(x) for x
= nAg, d5 and d6. As a result, the dataset used for the second phase of training
contains nAg, d5 and d6 and the newly engineered features. Similar to phase 1, the
optimal features were selected inside a 5-fold cross validation loop. Table 4.2 shows
the change in the validation accuracy with the number of top features n, for n = 1
to 9.
Number of top features R2 (validation) Features included
1 0.48296 nAg
2 0.48296 nAg, nAg2
3 0.48296 nAg2, nAg, nAg3
4 0.77029 nAg, nAg2, nAg3, d6
5 0.77037 nAg, nAg2, nAg3, d6, d63
6 0.77028 nAg, nAg2, nAg3, d6, d63, d62
7 0.77017 nAg, nAg2, nAg3, d6, d63, d62,d53
8 0.77017 nAg, nAg2, nAg3, d6, d63, d62,d52,d53
9 0.77015 nAg, nAg2, nAg3, d6, d63, d62,d53,d5, d52
Table 4.2: Change in the validation accuracy (R2) with respect to the number of best
features in our second phase of training.
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Creating more complicated features, like adding and multiplying features in
two or three feature combinations and calculating the Euclidian distance between fea-
ture values and their cluster centers, did not result in improvement of the prediction
accuracy. Following the same approach as the first phase, the best features were fil-
tered out from the ones selected in the first phase and those engineered based on them.
Additionally, parameter tuning of the random-forest method was also performed to
determine the optimal parameters of the final model. However, no significant gain
in the accuracy was obtained with different parameters. Therefore, the final model
contains only 100 trees with default parameters.
The features in the final model are the ones of the best cross-validation step.
These are nAg, nAg2, nAg3, d6, and d63 (highlighted ib Table 4.2). This result
shows that adsorption energies in Au25 can be predicted with only two features along
with their nonlinear counterparts. This model was then trained once with the whole
training set and tested with the testing set to arrive at the final prediction accuracy.
The accuracy of our model prediction is shown in the prediction performance
plot (log transformed), Figure 4.7 (a) with the distribution of residual error shown
in Figure 4.7. Prediction accuracies of the log transformed data are, R2 = 0.77869,
MAE = 0.13196, and RMSE = 0.17348. Residual errors (predicted−actual) of the
prediction are shown in Figure ??. The higher the residual error, the more erroneous
the result. For negative and positive adsorption energies, the mean of the absolute
residual errors are 0.20 and 0.44 eV, respectively. Predicted values corresponding to
positive adsorption energies have more deviation from the actual values compared to
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the negative adsorption energies (see Figure B.5 in APPENDIX C). Positive adsorp-
tion energies correspond to weak CO/Au25 attraction. The potential energy surface
consists of many local minima with similar energies, which results in structurally
different CO-adsorbed isomers having similar adsorption energies. Shallow potential
energy surfaces do make it difficult for the learning algorithm to accurately predict
positive adsorption energies. Another major factor affecting the accuracy of our
model may be that the ligands are oriented in different directions. Ligands create
a complex chemical environment for adsorbate molecules. As shown in Figures 4.5
and 4.6, adsorption energies are mainly affected by the location of Ag atoms and the
H−C−H fragments closest to the adsorption site. To capture the combined effect
of ligands and dopants, we fed our model with compound features created by mul-
tiplying features. However, these new features did not result in improvements for
the model accuracy. Further, the use of nonrelaxed isomers to generate features is
also detrimental to the prediction accuracy. This is because the presence of dopants
significantly affects bonding, and atom−atom distances of a relaxed structure may
be highly deviated from those of the nonrelaxed structure. Our model was unable to
learn without ambiguity; however, there is a definite relationship between the positive
adsorption energies and structural parameters. We also tried to build two models for
positive and negative adsorption energies. However, this did not result in an increased




Figure 4.7: Prediction performance plots of the final model for Au25 nanocluster: (a) actual
vs predicted adsorption energies and (b) histogram counts of (predicted−actual) adsorption
energies.
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Few points about the our feature selection process need to be clarified. This
procedure assumes that the order of feature importance remains the same as the size
of the subset of features which is considered to evaluate the model accuracy gets
smaller. To check whether this assumption is true, we replaced d5 with other top
features and obtained the corresponding prediction accuracies as listed in Table 4.3.
It is interesting that (nAg, d6) and (nAg, d7) combinations result in higher accuracies
than the (nAg,d5) combination. This shows that the order of the feature importance
is not necessarily preserved when the size of the feature space reduces. However, we
also see from Table 4.3 that features which are not highly correlated with d5 cannot
be used to replace d5 to obtain accuracies similar to (nAg, d5) combination. What
we can do to rectify this issue is to remove features one by one and re-calculate
feature importances after each removal. This procedure significantly increases the
feature selection time and is not feasible when the number of features is at least
over 20. However, we notice that in the second phase of feature selection, d5 has
been discarded in favor of d6-based features which shows that our two-phase feature
selection procedure can be considered as a time efficient alternative to the above
mentioned feature-importance re-calculation step. We also notice that the maximum
prediction accuracy of phase two is equal to that obtained with (nAg,d6) combination
in phase 1. This raises the question whether we actually need to perform phase two?
The answer to this question lies in the philosophy behind feature engineering, which is
to create features containing new information about the domain being featurized. One
of the reasons for raising original features to different powers is to create features that
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may have non-linear relationships with the predicted variable (in this case adsorption
energies). Also this kind of features can be used to create aggregated features of the
form xaybzc, where x, y and z belong to the original feature space and a, b, and c
are some arbitrary numbers. We understand that this procedure may not result in
physically meaningful features and may contain similar information as that of the
original features. However, our results show that our current procedure has been able
to achieve maximum possible accuracy without the use of advanced feature-filtering
steps. Nevertheless, in a future work, we hope to implement Pearson correlation and
mutual information based feature selection procedures to make sure that the resulting
increase in the training time can be compensated for a gain in the prediction accuracy.
R2 (validation) Features considered (nAg,x) Pearson correlation between nAg and x
0.770 nAg, d6 0.83
0.770 nAg, d7 0.83
0.746 nAg, d5 0.48
0.479 nAg, v2 0.40
0.340 nAg, a2 0.55
0.337 nAg, d1 0.64
Table 4.3: Effect of replacing d5 with other top features on the prediction accuracy
when only two features are included in the random forest model.
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We extend our model to Au36(SR)24 and Au133(SR)52 nanoclusters, thereby
demonstrating the versatility of our model. For Au36(SR)24 , we used only 1360
isomers having either 1, 2, 3, 6, 9, 12, 13, 18, or 24 Ag atoms. At the second phase
of feature selection, the best features were found to be d7, d73, HC12, d72, HC1,
HC13, which gave accuracies of 0.65388 (R2), 0.21582 (RMSE), and 0.1856 (MAE)




Figure 4.8: Prediction performance plots for (a) Au36 and (b) Au133 nanoclusters.
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These accuracies are encouraging, given the less symmetric geometry of Au36
in comparison to Au25 and the smaller sample size used for the training. As Au36 is
relatively a small cluster, the number of samples can be increased easily to achieve
a possible increase in the prediction accuracy. These accuracies also show that the
features defined based on the nearly spherical Au25 cluster can be readily used for
the clusters like Au36, which have different symmetries. The Au133(SR)52 nanocluster
is the largest thiolated nanocluster, of which the crystal structure has been verified.
This nanocluster contains 393 atoms with −SCH3 as the ligand. We generated 1898
CO-adsorbed isomers having 5, 10, 15, 20, 30, 48, 80, and 120 Ag atoms. Even with a
small number of samples, we were able to achieve accuracies of 0.75063 (R2), 0.17128
(RMSE), and 0.11882 (MAE) for predictions (prediction performance plot shown in
Figure 4.8 (b)). This shows that our model may be well suited for spherical-like
clusters. The best features selected at the second phase of feature selection were
nAg3, nAg, nAg2, d5, d52, d53, d63, d62, d6, d73, d7, d72, v2, g33, g32, g3, d12, g22,
v22, d22.
Interestingly, in Au36, features based on the orientation of the ligands have
a significant effect on the prediction accuracy, whereas in Au25 and Au133, only the
dopant-based features have the strongest influence. We hypothesize that this is due to
the ligands in Au36 causing a higher steric hindrance than the ligands in either Au25
or Au133. To test this hypothesis, we can use the feature HC1, the normalized count
of H−C bonds within the 10 nearest neighbors of the adsorbent sites. The higher the
number of H−C bonds close to the adsorbent site, the larger is the steric hindrance.
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For each adsorbate-free nanocluster, we calculated the average of HC1 over all the
adsorbent sites. The averages obtained for Au25, Au36, and Au133 are 0.10, 0.14, and
0.09 respectively. Thus, there are more H−C bonds closer to the adsorbent sites in
Au36 compared to other two nanoclusters, resulting in greater steric hindrance to
approaching CO adsorbates. The steric hindrance from H−C bonds is likely related
to the sphericity216 of the core of the nanoclusters. The closer the value of sphericity
to 1, the more spherical is the cluster. More spherical surfaces tend to cause less steric
hindrance as illustrated in Figure 4.9. As shown in Figure B.7 in APPENDIX B, the
core of Au36 consists of planar-like surfaces with a sphericity of 0.735. Sphericities
of Au25 and Au133 cores are 0.940 and 0.943 respectively.
Figure 4.9: The steric hindrance from the ligands on a spherical surface (bottom)
is more than the steric hindrance from the ligands on a more planar surface (top).
Color code: surface atoms, red; ligands atoms, blue, orange.
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4.4 Conclusions
Overall, we have developed a machine-learning model based on the random-forest
method to predict CO adsorption energies for Au-based nanoclusters, starting by
training our model with the Au25 nanocluster alloyed with Ag. We have defined
approximately 100 features to model nanoclusters as numerical representations. Over
2000 data points are contained in our model. Using a two-step feature-selection
process, and feature engineering approaches, we predicted the adsorption energies of
Au25 with accuracies of 0.78 (R2) and 0.17 (RMSE). Our chosen features are based
merely on the structural properties of the unoptimized adsorbate-free system (to
enable rapid prediction); our model is an excellent filtering tool to select first round
candidates for further, more accurate, analysis. The validity of our model was also
tested by predicting CO adsorption energies in the less symmetric Au36 nanocluster
and the larger Au133 nanocluster, using the same defined features as the Au25 model,
with prediction accuracies (R2) of 0.65 and 0.75, respectively.
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CHAPTER V
STRUCTURAL AND ELECTRONIC PROPERTIES OF FE ALLOYED AG
DELAFOSSITES
5.1 Introduction
Due to having wide optical band gaps,63,71,79,81,82,217–219 n52,57 and p-type54,56,62–64,217
conductivities, delafossites are widely known as transparent conducting oxides for
photovoltaic applications. They have also been tested for other applications in cataly-
sis,66,68,72,220–222 batteries,223,224 thermoelectrics,44,53,59,61,67,70,73–75,225–228 and super-
conductors.76,85 The general chemical formula of these materials is ABO2, where A is
a +1 metal cation like Ag, Cu or Pt and B is a +3 metal cation like Al, Ga, In or Co.
In nature, these materials are found in two crystal forms, rhombohedral and hexag-
onal. Huda et al. showed that the symmetry of the ground state structure of these
delafossites is related to the B-site element;69 delafossites with the B-site element in
group IIIA of the periodic table tend to crystallize in rhombohedral symmetry (R3̄m)
whereas the ones having B-site element belonging to group IIIB form structures with
hexagonal symmetry(P63/mmc). In both of these polymorphs, B atoms are octahe-
drally coordinated with O atoms forming an infinite layer of BO6 units and A atoms
are linearly coordinated with two O atoms. The existence of the two ploymorphs is
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a result of differences in the stacking of BO6 layers.
An interesting fact about group IIIA delafossites is that their optical gaps
increase with the increasing atomic number. This is unexpected because in other
compounds involving group IIIA elements, like CuMS2 and MAs (M=Al,Ga,In), the
optically measured band gap decreases as the atomic number increases. Using DFT
calculations Nie et al. showed that the fundamental direct band gaps in delafossites
decreases with the increasing atomic number, however electron transitions across
these gaps are forbidden due to HOMO and LUMO states having the same parity229.
However, Huda found that using B-site doping, the inversion symmetry of these crys-
tals can be broken, permitting photon absorption with the energy of the fundamental
gap95. After this discovery, several experiments suggested that this may also be true
for Fe doped CuGaO290,230.
According to Beznosikov and Aleksandrov, there are 9 A-site and 34 B-site
candidates resulting in about 100 possible delafossite systems.231 As Huda and co-
workers pointed out, B-site of delafossites can be doped with any other B-site ele-
ment.95 This structural versatility gives rise to 13266 different delafossite structures.
However, except for Cu family of delafossites, doping effects on the electronic struc-
ture of other delafossite systems have not been sufficiently explored. One such system
is Ag delafossites which has been shown to possess opto-electronic properties suitable
for photocatalytic applications.62,65,232,233 A possible reason for the lack of interest
in calculations on doped delafossites could be the high computational costs involved
with large supercells which are required to study the doped structures. In this work,
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we use FIREBALL to explore the structural and electronic properties of Fe-doped
Ag delafossites. FIREBALL has been proven to have the capability to perform time-
efficient calculations on supercells having number of atoms as large as 432.83,90,91,230
We start by analyzing the preferable Fe doping sites in AgAl1−xFexO2 and
AgGa1−xFexO2 using two structural parameters. Next, we study the effects of doping
on the valence and conduction band edge regions and how these effects are related
to the structural changes. Finally, we show that Fe doping can result in electron
transitions across the fundamental gap making Fe-doped Ag delafossites possible
candidates for catalytic applications. To the best of our knowledge, this is the first
work carried out on the B-site doping on silver family of delafossites.
5.2 Computational Method
All the calculations were performed with the FIREBALL ab-initio DFT package.104,106
In FIREBALL, kinetic and potential energy matrix elements are precomputed using
a basis set derived from atomic orbitals. These orbitals have a definite cut-off radii
(rc) values. For this study, we chose, rOc (s) = 3.40 a.u. and rOc (p) = 3.80 a.u. for O,
rAlc (s) = 5.10 a.u. and rAlc (p) = 5.80 a.u. for Al, rGac (s) = 4.80 a.u. and rGac (p) = 5.70
a.u. for Ga, rFec (s) = 5.30 a.u., rFec (p) = 5.80 a.u. and rFec (p) = 4.70 a.u. for Fe, rAgc (s)
= 5.30 a.u., rAgc (p) = 5.70 a.u. and rAgc (d) = 4.60 a.u. for Ag. We used local density
approximation (LDA) exchange correlation functional, as previous studies carried out
by our group and others have shown that structural and electronic property results
obtained with LDA are in agreement with the experimental data.65,83,91,230
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The crystal structures of both AgAlO2 and AgGaO2 were experimentally
determined to exhibit rhombohedral symmetry(R3̄m). The rhombohedral until cell
of the delafossites is shown in Figure 5.1 (solid lines), along with the equivalent
hexagonal unit cell (drawn with dotted lines).
Figure 5.1: Equivalence between rhombohedral and hexagonal unit cells of delafossite
systems. Rhombohedral unit cell is drawn with solid lines whereas the equivalent
hexagonal representation is depicted using dotted lines.













where ar and α are rhombohedral lattice constants and a and c are hexagonal
lattice constants.
Prior to performing calculations using precomputed matrix elements, it is
necessary to confirm that they can reproduce results comparable to experimental
quantities. We seek to achieve this by calculating the lattice constants of the two
delafossite systems. The energy values corresponding to different a and c value pairs
calculated by FIREBALL are given in Figure 5.2. For AgAlO2, a and c values of the
lowest energy structure are, 2.9874 Å and 19.253 Å and the corresponding experi-
mental values are 2.8729 Å are 18.336 Å.45 FIREBALL-obtained a and c values for
AgGaO2 are 2.9889 Å and 18.905 Å, whereas the corresponding experimental values
are 2.9889 Å and 18.534 Å.45 These results validate our calculated matrix elements
as the differences between calculated and experimental lattice constants are between
1-5% of the experimental values.
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(a) (b)
Figure 5.2: Total energy surfaces of (a) AgAlO2 and (b) AgGaO2 corresponding to
different a and c lattice constants.
In order to get a realistic picture on preferable dopant locations, it is necessary
to consider a sufficiently large supercell. Smaller supercells force dopants to distribute
in different B-site layers when the number of dopants is large. Using the four-atom
unit cell having the experimental lattice constants,44 we created an equivalent 12
atom unit cell in the equivalent and convenient hexagonal representation. This unit
cell is then repeated in the x, y and z directions to obtain a 432 atom supercell, as
shown in Figure 5.3.
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Figure 5.3: Supercell created by repeating the 12-atom hexagonal unit cell.
For 2% Fe doping we considered all the 107 possible doped structures. For 3%
- 5% Fe doping, 500 supercells with random Fe doping sites were created. Vegards’
law (Equation 5.1 ) was imposed to take the scaling of the lattice constants into
account.234 In Equation 5.1, a is the modified lattice constant of AgBO2 (B=Al/Ga)
when it is doped with x percent of Fe.
a = (1− x)× aAgBO2 + x× aAgFeO2 (5.1)
As the size of the supercell is large, all the structures were relaxed at the
Γ point until the root-mean-square force on atoms is less than 0.05 eV/Å. In the
calculation of electronic density of states, selected lowest energy structures after re-
laxation were subjected to one self-consistent-field (SCF) calculation using a 2×2×2
Monkhorst-Pack k-point grid.
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We used two parameters to analyze the positioning of the dopants in the
supercell: clustering and layering factors. Clustering factor measures how closely
the dopant atoms are positioned with respect to each other. Clustering factor for a







Here, di,j is the distance between dopant atom i and its neighboring dopant j
and n is the total number of dopants. The distance between two nearest neighbor B-
site atoms in the undoped structure is given by d0. The difference di,j - d0 compares
the distance between two dopants with the nearest neighbor B-site distance d0 in
the undoped structure. Therefore, CFi values closer to zero indicate that the dopant
atoms are positioned as nearest neighbors. The clustering factor of the supercell (CF)
is defined as the minimum of CFi values calculated for all the n number of dopants
atoms.
CF = min{CF1, CF2, .....CFn}
We defined the layering factor of the supercell as the maximum of the dopant
percentage in any of the (0, 0, 0, 1) B-site planes as a percentage of n,
LF = max{LF1, LF2, LF3} × 100/n
Here, LFi is the the number of dopant atoms in the ith B-site plane of the
supercell. As shown in Figure 5.3 there are only three B-site planes in our supercell.
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5.3 Results and discussion
In the following discussions on the structural and electronic properties, we only con-
sidered the ten lowest energy structures.
5.3.1 Structural properties of AgAl1−xFexO2 (x = 2% – 5%)
Interpreting the clustering and layering factors together helps us to get a comprehen-
sive picture on the arrangement of the Fe atoms in the supercell. Clustering factor
results for x = 2% and x = 3% shows that lowest energy structures have the low-
est clustering factors observed for those doping percentages. In fact, the clustering
factors of most of the 2% doped structures are close to zero which indicates that
Fe substitutions occur at nearest neighbor Al sites. We also see from Figure 5.4 (a)
that for 2% and 3% of Fe doping, large clustering factors or large Fe-Fe distances are
associated with high structural energies. For example, in the lowest energy structure
for x = 3%, there are two pairs of nearest-neighbor Fe atoms and one pair of Fe atoms
of which the Fe-Fe distance is equal to the 2nd nearest neighbor distance (Figure C.4,
Appendix C). However, as the structural energy increases, only one pair of nearest
neighbor Fe atoms is present in the supercell and the majority of the Fe-Fe bond
lengths are greater than the 2nd nearest neighbor B-site distance. Another interest-
ing observation in 2% and 3% Fe-doped structures is that the preferable dopant sites
lie on the same (0, 0, 0, 1) plane as indicted by layering factors of 100% obtained for
most of the low energy structures.
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Similar to x = 2% and x = 3% results, lowest energy 4% Fe-doped struc-
ture is also associated with the lowest clustering factor. All the Fe atoms in this
structure occupy the same plane as two pairs of nearest neighbors (see Figure C.3 in
APPENDIX C). These two pairs are also located at a close proximity to each other,
giving rise to the low clustering factor. However, in the next three lowest energy
structures for x = 4%, Fe atoms are arranged in two-in-one-and-two-in-another-plane
configuration resulting in layering factors smaller than 100%. We should also note
the existence of four other structures with all four Fe atoms in the same plane. The
energy differences between these structures and the lowest energy structure for x =
4% are only around 0.4-0.6 eV. This shows that all the dopants occupying the same
plane is preferable for the case x = 4%.
Most of the 5% Fe doped structures are associated with high clustering factors
indicating Fe substitutions occurring at non-nearest neighbor Al sites. According to
the layering factors, in the two lowest energy structures, four Fe atoms are on the
same plane and one in a different plane (see Figure C.4 in APPENDIX C). However,
the energy of the structure with all the five Fe atoms in the same plane is only 0.05
eV greater than that of the 5% doped lowest energy structure. This indicates that
the all the dopants in the same plane configuration is also favorable.
In summary, structural trends for AgAl1−xFexO2 shows that in particular for
x < 4%, Fe dopants prefer to get substituted for Al sites on the same plane, which




Figure 5.4: Clustering factor results of (a) AgAl1−xFexO2 and (b) AgGa1−xFexO2 for
x = 2% − 5%. Relative energy is defined as the difference between energy of a particular
structure and the energy of the lowest energy structure for a given doping percentage (E-
Emin).
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5.3.2 Structural properties of AgGa1−xFexO2 (x = 2% – 5%)
Unlike in AgAl1−xFexO2, clustering factors of the lowest energy 2% and 3% Fe doped
AgGa1−xFexO2 are not close to zero. This result shows that for x ≤ 3% Fe-Fe dis-
tances in energetically favorable structures are greater than the nearest neighbor
B-site distance. Nearest neighbor Fe dopants are observed in the ninth and third
lowest energy structures for x = 2% and x = 3% calculations respectively. The fact
that their relative energies are only about 0.01 eV indicates that nearest neighbor Fe
substitution is also not unstable. However, as the clustering factors of majority of
the 2% and 3% doped structures are greater than 3, we can conclude that for low
amounts of Fe doping, clustering of Fe atoms within a close proximity to each other is
not energetically favorable in AgGa1−xFexO2. A similar result has also been obtained
by Haycock et al., for CuGa1−xFexO2.83 We suspect the lower clustering factor in the
AgAl1−xFexO2 supercells to be due to a combination of two properties of Al, which
are Al is somewhat metallic in nature, and that the atomic size of Al is much smaller
than that of Fe.
The general trend in the clustering factors for x = 4% and x = 5% is that,
the clustering factor increases with the increasing relative energy. This behavior of
the clustering factors can be linked with the corresponding layering factor values.
According to the layering factors of AgGa1−xFexO2, dopant atoms tend to occupy
different planes as the doping percentage increases beyond 3. Fe dopants in different
planes causes Fe-Fe distances to increase, resulting in large clustering factors. It
is also notable that, given by the layering factors greater than 70% in most of the
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low energy structures for x = 4% and x = 5%, all the dopants occupying the same
plane can be considered favorable. Positions of Fe atoms in selected AgGa1−xFexO2




Figure 5.5: Layering factor results of (a) AgAl1−xFexO2 and (b) AgGa1−xFexO2
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5.3.3 Electronic properties
The electronic band structures of AgAlO2 and AgGaO2 are shown in Figure 5.6.
Possible electronic transitions at Γ and M points are listed in Table 5.1 together with
the experimentally obtained optical gaps.
Figure 5.6: Electronic band structures of (a) AgAlO2 and (b) AgGaO2. Occupied and
unoccupied bands are colored in red and blue respectively. Valence band maximum
is set to 0 eV.
Γdirect(eV)Mdirect(eV) Opticalexperimental (eV)
AgAlO2 2.4 3.26 3.6
AgGaO2 1.6 3.29 4.1
Table 5.1: Calculated band gaps in comparison with the optical gaps
For both AgAlO2 and AgGaO2, the valence band maximum is at the M point
and the conduction band minimum is at the Γ point. The computed direct band gaps
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at the Γ point for AgAlO2 and AgGaO2 decreases from 2.4 eV to 1.6 eV. This reduction
in the gap when the B site changes from Al to Ga agrees with the trends in other
group 13 containing compounds235. The computed direct gap at the M point for
AgAlO2 is close to the optical gap obtained by Sheets et al65. Even though Sheets et
al., synthesized AgGaO2, they did not report its optical gap due to difficulties caused
by additional light absorption by AgGaO2. The other reported optical gap of 4.1
eV was by Vanaja et al.62. However, AgGaO2 that they have prepared belongs to a
phase that is different from that of AgAlO2 synthesized by Sheets et al. Therefore,
it is difficult to make a reasonable comparison between experimental and calculated
optical gaps for AgGaO2.
We now discuss the changes in the electronic properties of these delafos-
sites due to Fe doping using electronic density of states (DOS) averaged over 10
lowest energy structures (when x ≥ 2). The main change due the Fe doping in both
AgAl1−xFexO2 and AgGa1−xFexO2 is the shift of the valence band edge toward higher
energies (Figure 5.7). This effect is also found in Fe doped cuprite delafossites95.
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Figure 5.7: Average PDOS of AgAl1−xFexO2 (left panel) and AgGa1−xFexO2 (right panel)
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As shown in Figures 5.7, 5.8 (a) and 5.9 (a), the valence band edge of both
AgAlO2 and AgGaO2 is mainly composed of O-p and Ag-d states. Introduction of
one Fe atom creates Fe-d states around -2.8 eV in AgAl0.99Fe0.01O2, forming the
new valence band edge. Increasing the Fe percentage beyond 2 creates new Fe
states delocalized around -2.8 eV. Valence band edges of both AgAl0.99Fe0.01O2 and
AgGa0.99Fe0.01O2 are predominantly composed of Fe states. Some hybridization of
Fe-d states with O-p and Ag-d states is also visible in both cases (Figures 5.8 (b)
and 5.9 (b)). However, when the Fe percentage is at 2 and above, the valence band
edge is solely dominated by Fe states and the Fe hybridization with Ag and O states
is negligible. Unlike in AgAl1−xFexO2, Fe states in AgGa1−xFexO2 remain localized
around -3.7 eV as the Fe percentage increases. For both delafossites, the largest shift
in the valence band edge occurs when Fe percentage changes from 0 to 1: 0.8 eV
in AgAl1−xFexO2 and 0.2 eV in AgGa1−xFexO2. Subsequent additions of Fe atoms
have little effect on the energy corresponding to the valence band edge. At 5% of Fe
doping, the shifts in the valence band edge compared to the undoped case are 0.86




Figure 5.8: Orbital DOS at the valence band edge of (a) AgAlO2 and (b) AgAl0.99Fe0.01O2




Figure 5.9: Orbital DOS at the valence band edge of (a) AgGaO2 and (b) AgGa0.99Fe0.01O2
and at the conduction band region of (c) AgGaO2 and (d) AgGa0.99Fe0.01O2
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Inspection of partial density of states (PDOS) of AgAl0.98Fe0.02O2 revealed
that the Fe states in the valence band region form three main peaks (centered at -2.5
eV, -3.0 eV and -3.25 eV) when Fe atoms are at nearest neighbors, and only one main
peak (around -2.8 eV) when the Fe atoms are separated by a distance of two nearest
neighbors (see Figure 5.10). PDOS corresponding to these two cases are given in
Figure 5.10. This relationship between the Fe peaks and the Fe-Fe distance allows us
to correlate the broadening of the Fe states with the clustering factors as depicted in
Figure 5.10. The presence of broadened Fe states is associated with small clustering
factors. Thus for 2% AgAl0.98Fe0.02O2, clustering factor is inversely proportional to
the broadening observed in the valence band region. However, this phenomenon was
not observed in AgGa0.98Fe0.02O2.
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Figure 5.10: PDOS in (a) correspond to a AgAl0.98Fe0.02O2 supercell where the two Fe
atoms are separated by a distance of two nearest neighbors. The valence band edge consists
of only one peak around -3 eV as seen in (a). However, when the Fe atoms are nearest
neighbors, valence band edge is split into two main peaks about -3 eV
Another interesting trend in the density of Fe states is observed in both these
delafossites, when there are 3 or more Fe atoms. When a Fe atom is located relatively
far away from the rest, most of the Fe density is concentrated on this isolated Fe atom.
Thus, for x ≥ 3%, when there is an isolated Fe atom, the valence band edge is mainly
composed of states contributed by that Fe atom. Examples of this effect are given in




Figure 5.11: Fe orbital DOS of (a) AgAl0.97Fe0.03O2 and (b) AgAl0.95Fe0.05O2 structures.




Figure 5.12: Fe orbital DOS of (a) AgGa0.97Fe0.03O2 and (b) AgGa0.95Fe0.05O2 structures.
The atom corresponding to the tallest Fe peak is circled in the inset
151
The energy range between -2.75 eV and -1.75 eV corresponds to the conduc-
tion band edge of AgAlO2. The states in this region are composed of hybridized O-s,
Al-s, Ag-d and Ag-s orbitals (Figure 5.8 (c)). Not much hybridization is observed
in the region between -1.75 eV and -0.75 eV, where the states are mainly composed
of O-p, Ag-s, O-s and Ag-d orbitals. The energy region corresponding to optical
transitions is around -0.3 eV (because the valence band edge is around -3.6 eV and
the direct gap at M point is 3.3 eV). The states in this region are predominantly
composed of Ag-p, O-p and Ag-s states.
In AgGaO2, states close to the conduction band edge (-3.1 eV to -2.75 eV)
are composed of O-s, Ga-s, O-p, Ag-s and Ag-d hybridized states (Figure 5.9 (c)).
As the energy increases beyond -2.75 eV, this hybridization becomes weak and states
in the region between, -2.75 eV to -1.25 eV are primarily composed of O-p and Ag-s
states, while smaller contributions from O-s, Ga-s and Ag-d states are also visible.
Similar to AgAlO2, the electron states to which the optical transitions take place are
composed of Ag-p, O-p and Ag-s states. Of note is the fact that the conduction band
regions of both AgAl1−xFexO2 and AgGa1−xFexO2 are not significantly disturbed due
to Fe, as majority of the Fe states are in the valence band region (Figures 5.8 (d) and
5.9 (d)).
To find out the effect of Fe on the electronic band structure, we used Quan-
tum Espresso DFT package,236 as there are readily available computer programs to
obtain the unfolded supercell band structures calculated by Quantum Espresso. Cal-
culations on 432-atom supercells using Quantum Espresso requires large amounts
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computational resources. Therefore, we used 96-atom supercells (created by extend-
ing the 12-atom unit cell two times in x, y, and z directions) and considered Fe doping
percentages of 4% and 8%. Four percent Fe doping corresponds to replacing only one
B-site atom with Fe ( 1
24
= 4.1%). Hence there is only one symmetry inequivalent
structure. However, to achieve eight percent of Fe doping, we have to replace two
B-site atoms with Fe. We used the bsym python package237 to find all the seven
symmetry inequivalent structures. These seven structures were energetically relaxed
using the FIREBALL code and the lowest energy one was selected for band structure
calculations. As shown in Figure C.9 in in APPENDIX C, for both the delafossites,
the structure with the two Fe atoms positioned as nearest neighbors were found to
have the lowest energy. Details on the band structure calculations performed using
Quantum Espresso are given given in APPENDIX C. Band unfolding was carried
out using the BandUP package.238,239 A close inspection of these supercell band
structures (Figure 5.13) reveals the presence of new states along the whole k-path
considered for the band structure. In agreement with the DOS, the conduction band
region is not much affected due to doping. The greatest change to the valence band
edge occurs at the Γ point, where the valence band edge has shifted by about 2 eV
and 1 eV in AgAl1−xFexO2 and AgGa1−xFexO2 respectively, compared to the undoped
structures.
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Figure 5.13: Unfolded band structures obtained for AgAl1−xFexO2 (a-c) and
AgGa1−xFexO2 (d-f) by considering 96-atom supercells. The color scale represents the
number of unfolded primitive cell bands crossing the primitive cell wave vector ki at energy
εi.
5.3.4 Electron transitions at the Γ point
Laporte selection rule says that electronic transitions that take place between states
having the same parity, either symmetry or anti-symmetry with respect to an inver-
sion center are forbidden.240,241 In other words, transitions between even parity states
(i.e even to even) or odd parity states (i.e odd to odd) are not allowed. For example,









In Equation 5.2, e
∑
n ~rn ≡ M is the dipole moment operator, which is an
odd function. Therefore, when M acts on ψf , the resultant state is of the opposite
parity to that of ψf . Thus, if ψi and ψf are of the same parity, ψie
∑
n ~rnψi becomes
an odd function. Because the evaluation of Equation 5.2 for an odd integrand results
in zero, we find that the transitions across same parity states are not allowed.
To provide proof for the fact that Fe doping results in different parity states in
valence and conduction band edges (so that the electron transitions at the Γ point is
enabled), we plotted molecular orbitals corresponding to highest occupied molecular
orbital (HOMO) and lowest unoccupied molecular orbital (LUMO) eigenvalues at the
Γ point before and after Fe doping in Figures 5.14 and 5.15. These images show that
valence and conduction band edges of the undoped systems consist of delocalized
states which are roughly symmetric with respect to the inversion centers (A and
B sites). Therefore, both HOMO and LUMO states can be considered to have even
parity. Thus, the resultant probability for transitions from HOMO to LUMO becomes
zero.240 Upon Fe doping, valence band edge is primarily composed of highly localized
Fe states and the resulting HOMO orbital is not symmetric with respect to the
inversion centers (Figures 5.14 (b), (c) and 5.15 (b), (c)). But the conduction band
edge states are still delocalized over the Ag and O states in both these delafossites.
Therefore, Fe doping has changed the parity of only the conduction band edge states.
In accordance with the Laporte selection rule, this change in the parity results in
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non-zero probability for electronic transitions at the Γ point, because the parities of
the states at valence and conduction band edges are now different.
Figure 5.14: Molecular orbital plots of AgAl1−xFexO2. (a)-(c) correspond to the valence
band edge states of 0%, 1% and 5% Fe alloyed structures respectively. (d)-(f) correspond
to the conduction band edge states of 0%, 1% and 5% Fe alloyed structures respectively.
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Figure 5.15: Molecular orbital plots of AgGa1−xFexO2. (a)-(c) correspond to the valence
band edge states of 0%, 1% and 5% Fe alloyed structures respectively. (d)-(f) correspond
to the conduction band edge states of 0%, 1% and 5% Fe alloyed structures respectively.
5.4 Conclusion
We studied structural and electronic properties of two Fe doped delafossite oxides
AgAl1−xFexO2 and AgGa1−xFexO2 for dopant percentages(x) 1-5%. We found that in
AgAl1−xFexO2, Fe atoms tend to cluster at small proximities to each other for x ≤ 3%.
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In contrast, two Fe atoms in low energy AgGa0.98Fe0.02O2 are separated by a second
nearest neighbor distance. However, in both AgAl1−xFexO2 and AgGa1−xFexO2 Fe
atoms prefer to occupy the same crystallographic plane. As a result of doping, valence
band edge of both systems are composed of Fe-d states. However the valence band
edge of AgAl1−xFexO2 is slightly broadened compared to AgGa1−xFexO2. We also find
that in AgAl0.98Fe0.02O2 the broadening in the Fe states is inversely proportional to the
distance between Fe atoms. In both delafossites for x ≥ 3%, majority of the Fe density
is concentrated at the relatively isolated Fe atom. This kind of relationships between
structural and electronic properties are useful for band gap engineering to optimize
light absorption in delafossites for photocatalytic reactions. AgAl1−xFexO2 shows a
larger shift in the valence band edge toward higher energies than AgGa1−xFexO2 due
to Fe impurities. Unfolded band structures reveal that the maximum shift in the
valence band edge occurs at the Γ point in both these Fe doped systems. Using
molecular orbital plots, we confirmed that Fe doping affects the states only at the
valence band edge, resulting in valence and conduction band edges having different
parities. Thus, Fe doping can permit optical transitions that are forbidden in the




Our goal in this thesis was to develop novel computational methods to understand and
predict catalytic properties of alloyed catalysts. We demonstrated the functionality
of these methods using three projects.
The first project defined the general framework to deal with a system having
a large number of possible isomers. The problem at hand was to explain the reduc-
tion in the CO conversion percentages when the CO oxidation reaction takes place
in the presence of Ag alloyed Au25 nanocatalysts. According to the mass spectra cor-
responding to the synthesis of Ag alloyed Au25, synthesis does not result in a single
cluster species containing a specific number of Ag atoms. Instead, the precipitated
nanocatalyst consists of a mixture of nanoclsuters containing different number of Ag
atoms. Consequently, the CO conversion percentages are a result due to the com-
bined effect of all these clusters that coexist in the same mixture. Therefore, any
calculation performed to explain the catalytic trends should take into account these
compositional complexities of the nanocatalyst mixture. The first step in our compu-
tational approach was to find a pool of low energy isomers which has high likelihood
to exist in an experimental reaction mixture and unravel the structural trends of
these isomers. In the case of bimetallic Au25, this is not an easy task as the possible
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number of alloyed isomers is very large. I adopted a two-step method to filter out a
reliable set of isomers. In the first step 500 isomers were created in which Ag sites
were chosen randomly. Also, CH3 was chosen as the ligand to speed up the calcula-
tions. These isomers were energetically relaxed using the FIREBALL DFT package.
From the resulting low energy isomers I observed that in general, Ag prefer to occupy
surface sites of the M13 core. However, to further confirm whether this is the correct
trend, a second batch of isomers were created in which the Ag atoms were exclusively
confined to the M13 core. Based on the results of these two calculations, it became
clear that the Ag atoms had a definite preference to get substituted for Au atoms
on the surface of M13 core. With this knowledge on the preferable Ag locations, I
proceeded to conduct calculations to explain the observed catalytic trends. I decided
to use the same ligand that the experimentalists used in the CO oxidation reactions,
phenylethanethiolate (CH2CH2Ph). Condensed-to-atom dual descriptor (∆f) was
chosen as the parameter to estimate the catalytic activity. Positive and negative ∆f
correspond to atomic sites that prefer to accept and donate electrons respectively.
Dual descriptor values corresponding to outer shell sites of Au25 and Ag alloyed Au25
showed that the electron donating capability of outer shell sites reduced when Au25
is alloyed with Ag. Based on the experimental findings we believe that this reduction
in the electron donating capability is likely to be a major reason for the reduction in
the CO conversion percentages in the Ag alloyed clusters. Before using Au25/CeO2
nanocatalysts in CO oxidation reactions, scientists send a flow of O2 gas through the
nanocatalyst (O2 pre-treatment). This pre-treatement has been observed to increase
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the CO conversion in Au25 based nanocatalysts in previous experiments. The authors
of these studies believe that O2 pre-treatment creates a large number of active oxygen
species at the interface between Au25 and CeO2. Such active oxygen can help CO ox-
idation take place smoothly. The generation of active oxygen species like superoxide
and peroxide require O2 acquiring electrons. Based on another previous study, it is
argued that Au25, which is a negatively charged cluster can readily donate an electron
to O2. Therefore the reduction in the electron donating capability of the Ag alloyed
Au25 clusters is highly likely to be a main contributing factor for the observed reduc-
tion in CO conversion percentages. Comparison of the CO conversion percentages
corresponding to Au25 containing different number of Ag dopants showed that the
catalytic activity of heavily doped Au25 is less than that of moderately doped Au25.
According to dual descriptor values, outer shell sites of heavily doped Au25 prefer to
attract electrons. As a result, the amount of active oxygen species generated in the
case of heavily doped Au25 would be much less than in the case of moderately doped
Au25.
Being able to explain experimental trends is essential for the advancement of
research on catalysis. However, what is more helpful is the ability to predict catalytic
properties in advance, allowing scientists to find the composition of catalytic systems
having desired properties for given applications. Such prior knowledge immensely
reduces the time and effort spent on research and development in search of optimal
catalytic products. In our second project, we developed a machine learning model
to predict adsorption energies of thiolated nanoclusters. The features of our model
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are based on geometric properties of non-relaxed adsorbate-free nanoclusters. The
use of such features enables one to create time and resource efficient models requiring
minimum information as input. Training our machine learning model consists of two
phases. In the first phase, all the features are fed into a random forest algorithm to
find the feature importance and subsequently the optimal features that can produce
the best prediction accuracy. In the second phase, the best features are used to engi-
neer additional features that possibly have non-linear relationships with adsorption
energies. For the Au25 nanocluster, we found that the number of Ag atoms was the
most important feature while most of the other top features are based on the clus-
tering of the Ag atoms. Also among the top ten features is HCH1, the number of
H-C-H fractions closest to the adsorption site. This indicates that the orientation
of the ligands also plays a significant role in determining the adsorption energies in
Au25. The feature-feature correlation maps that we generated can be utilized by
experimentalists in the design of novel materials. For example, the high linear corre-
lation between the adsorption energies and the features based on the clustering of the
Ag atoms indicated that the adsorption energies are strongly affected by the spread
of the Ag dopants with respect to their centroids. In other words, the smaller the
Ag-Ag distance, the more stronger is the adsorption between CO and the adsorption
site. We also noticed that our model performance is not very good in predicting pos-
itive adsorption energies. We attribute this poor performance to the lack of training
samples corresponding to positive adsorption energies and the presence of multiple
isomers having similar adsorption energies. In a future project we plan to address
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this issue. To show that our features can be used to predict adsorption energies of
nanocusters of any size and shape, we also predicted CO adsorption energies of Au36
and Au133 nanoclusters.
Au36 is less spherical than Au25 and has planar facets composed of Au atoms.
Interestingly, we found that features based on the ligand environment have a decisive
impact on the prediction accuracy. We believe that this is due to the fact that ligands
attached to planar surfaces cause more steric hindrance to approaching molecules than
the ligands in a spherical cluster. To test this hypothesis we calculated the average
H-C bonds closest to the adsorption sites in Au25, Au36 and Au133 nanoclusters. We
found that this number is larger for Au36 clusters compared to both Au25 and Au133
which are both more spherical than Au36.
Au133 is the largest thiolate-protected nanocluster of which the crystal struc-
ture has been resolved crystallographically. The prediction accuracies of Au133 are
similar to those of Au25. Predicting adsorption energies of Au133 required more fea-
tures than those required in the cases of Au25 and Au36. This increase could be
related to the larger size of Au133 compared to the other clusters. When the cluster
size increases so does the number of available Ag dopant locations. Thus more in
formation is required by the machine learning algorithm to uniquely identify a given
alloyed cluster.
Overall, our machine learning model can be considered as an efficient tool
to filter out a candidate set of isomers using minimum amount of information on
structural properties. As the features are based on non-relaxed isomers, no DFT cal-
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culations are required in the testing phase, which conveniently reduces the prediction
time. Even though the functionality is demonstrated using adsorption energy predic-
tion, our model can be easily extended to predict any other materials property. What
would be remarkable is a predictive model that can provide users with an equation
relating the adsorption energies and the features. Such functions allow researchers
to readily determine the composition of a nanocluster having a particular adsorption
energy. Even though I tried to achieve this goal using a kernel ridge regression based
model, the resultant prediction accuracies were not satisfactory.
Delafossites have been studied since 1940’s and become popular in 1970’s
as transparent conductive oxides. However, research has shown that these systems
also have potential applications in the fields of thermoelectrics, superconductors and
batteries. It was recently shown that Fe doping reduces the optical gaps and conse-
quently the photocatalytic activity of CuGaO2 and NaInO2 delafossites. Even though
the silver family of delafossites have also been shown to posses photocatalytic prop-
erties, it was surprising to find that no experimental or theoretical work has been
carried out on the doping effects of these systems. Hence we decided to explore the
Fe doping effects of two Ag delafossite oxides, AgAlO2 and AgGaO2. As it was the
case with alloyed nanoclusters, Fe doping results in a large number of possible crystal
structures for these delafossites. After energetically relaxing a set of randomly Fe
doped delafossite structures, we studied the trends in the Fe dopant locations using
two parameters. The clustering factor is a measure of how closely the Fe atoms are
located with respect to each other. Small clustering factors correspond to closely
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clustered Fe atoms. We noticed that when Fe percentage is less than or equal to 3,
Fe atoms in AgAlO2 prefer to get substituted for nearest neighbor Al atoms. This
trend is not observed in AgGa1−xFexO2. We suspect that this discrepancy may be
related to the smaller atomic radius of Al compared to Ga. However, further calcula-
tions are needed to unravel the underlying reasons. The other structural parameter
checks whether there is a preference for majority of the Fe dopants to occupy a single
B-site plane. Interestingly, we find that in both AgAlO2 and AgGaO2, Fe dopants do
prefer to be on the same plane to minimize the structural energy. The changes in the
electronic structure due to Fe in both these systems are similar. The main effect due
to Fe is the shift in the valence band edge toward higher energies. The Fermi level
is composed mainly of Fe-d states. No significant changes in the conduction band
region are observed due to Fe. We also noticed that Fe states are localized at the Fe
atom which is relatively isolated from the rest. However Fe states in AgAl1−xFexO2
are observed to be more broadened than the Fe states in AgGa1−xFexO2. The un-
folded band structures obtained using Quantum Espresso showed the appearance of
new states near the Fermi level which confirmed the DOS results. We also see that
the these new states are more broadened near Γ and M points compared to the other
states. As the optical gaps are likely to occur at the M point, the above mentioned
changes in the electronic structure have the effect of reducing the optical gaps. There-
fore, Fe doping can be considered as an effective method to engineer band gaps for
photocatalytic applications. We suggest further calculations to study possible effects
in the electronic structure due to magnetic nature of Fe dopants. Our belief is that
165
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Low energy isomers of 6-8 AgxAu25−x(SCH3)18
(a) Lowest energy 6-Ag alloyed Au25(SCH3)18
(b) Lowest energy 7-Ag alloyed Au25(SCH3)18
(c) Lowest energy 8-Ag alloyed Au25(SCH3)18
Figure A.1: Figures (a)-(c) depicts the Ag positions in 2nd to 5th lowest energy isomers for
x = 6-8. Symmetries in the unalloyed Au25 are found to be broken due to Ag atoms.
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Bar plots showing the Ag occupations in the three structural units in
AgxAu25−x(SR)18 for x = 3-22.
(a) (b)
(c)









Figure A.4: Ag locations in (a) 19,(b) 20, (c) 21 and (d)22-Ag alloyed Au25(SC6H11)18
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APPENDIX B
Details of the atomic orbital basis set. We have adopted double numerical sp3
basis sets for C (cutoff radii of rc (s) = 4.3 a.u. and rc (p) = 4.7 a.u.) , O (cutoff
radii of rc (s) = 3.6 a.u. and rc (p) = 4.0 a.u.) and S (cutoff radii of rc (s) = 4.5
a.u. and rc (p) = 5.0 a.u.); whereas we use a minimal basis set is used for H (cutoff
radius of rc (s) = 4.1 a.u.). A polarized sp3d5 basis set is used for Ag (cutoff radii of
rc (s) = 5.6 a.u., rc (p) = 5.9 a.u. and rc (d) = 4.9 a.u.) and Au (cutoff radii of rc
(s) = 5.4 a.u., rc (p) = 5.8 a.u. and rc (d) = 5.0 a.u.)
Random forests. Random forests can be used for classification and regression tasks.
In both cases, the process of growing the forest and making predictions is similar.
In simplest terms, a random forest is a collection of decision trees and these can be
divided into classification and regression trees depending on the task at hand.
To understand how random forests work, we first have to understand how
a decision tree works. As the prediction of the adsorption energies is a regression
task, I will start by explaining how a regression tree works. For simplicity, consider a
dataset with a single feature x. The dependence of the target variable on x is plotted
in Figure B.1 (a). To grow our tree, we have to split the dataset into different regions
based on the x values. By simply looking at the data 4 split values can be identified.
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I will describe how these values can be determined mathematically later. Suppose
that our first split is at S2.The way to decide which value should be used to do the
first split will be explained later. After the first split, the tree can be grown using
other split points in each region as shown in Figure B.1 (b).
Figure B.1: (a) An arbitrary set of data points corresponding to feature x and the
(b) regression tree grown based on this data.
Now that we are done with splitting, we are left with data points at each leaf.
The term leaf is used to identify the last node of a tree. Now remains the question,
what is the value corresponding to each leaf node? There are several possibilities to
arrive at these values. The simplest is to define the error estimate of the y values in a
given region as the squared error. This definition leads to the best leaf node value of
the average of the y values in a region. Alternatively, one can fit a linear regression
using the y and x values in a region, so that instead of fixed value as in the case of the
squared error, we have an equation to obtain y for a given x belonging to a region.
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Once the tree is grown, we can predict the y value for new x value.
Now let’s look at how to chose the first and the subsequent splitting values.
To illustrate the important points of this process consider a feature space with three
features, x1,x2 and x3. We also have to define an error estimate for y. The most
common and the one implemented in the scikit as the default is the mean squared
error. For every feature xj, select each of it’s values as a possible splitting value and












Here, ȳ is the average of y values in a region. The feature with the minimum
yerror is selected as the first node. The same process is repeated to find the other
nodes in the tree.
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Figure B.2: Normalized relative energies of the lowest energy isomers for alloying levels
1-12. The structure index increases with the increasing relative energy. For example, the
lowest energy structure has the index of 0 and the second lowest energy structure is given
in the index 1 and so on.
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Figure B.3: Normalized relative energies of the lowest energy isomers for alloying
levels 13-24.
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Figure B.4: Extended feature-feature Pearson correlation map.
Cross Validation.In k-fold cross validation, the training data set is split into nequal
parts. Then one of the components is chosen as the testing set and the rest of the
n-1components as the training set; machine learning method is applied to tune the
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model parameters. This process is carried out ntimes until all the ncomponents
are used as the testing set.1Cross validation reduces the chances of over fitting and
increases the generality of the parameters used in the machine learning model. Table
S1 shows how the accuracy changes in the cross validation loop.
Figure B.5: Residual error vs the actual adsorption energy for Au25. The region
corresponding to the negative adsorption energies is shaded in orange.
Prediction Performance for Au36 and Au133 Nanoclusters (eV analysis).
Prediction accuracies for Au36 are 0.69659 (R2), 0.26071 eV (RMSE) and 0.18557




Figure B.6: Actual vs predicted adsorption energies of (a) Au36 and (b) Au133 nanoclusters
in terms of electronvolts.
Figure B.7: Au cores of (a) Au36 and (b) Au133 nanoclusters.
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Sphericity calculation. Sphericity is defined as (π1/3(6V )2/3)/A, where V and A
are the volume and the surface area of the nanocluster.216 Volume was calculated
using the ConvexHull function of the python library Scipy.242 To calculate the area,
we found all the triangular facets forming the surface of the core and calculated the
total area of these triangles.
The effect of sampling method on the model accuracy. The model accuracy
depends on the current random sampling method used to generate Ag-alloyed struc-
tures because this sampling method does not guarantee the selection of all the lowest
energy isomers for a given alloying level. It is not practical to generate all the possible
isomers, a better sampling method – probably based on genetic algorithms – helps to
generate more of the lowest energy isomers. A prediction done using these isomers is
likely to result in better prediction accuracy.
Features designed specifically based on the geometry of thiolated nan-
oclusters.
• Total electron affinity of each layer: Electron affinity is the tendency of a neutral
atom to gain electrons. Therefore total electron affinity of all the atoms in a
layer can provide information on chemical interactions between the adsorbate
and the adsorption site. These values are readily available in data tables.
• Angle formed by each of the Ag dopants, center atom and the adsorption site:
The purpose of this feature is to obtain information about the orientation of
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the ligands. As we do not use relaxed isomers to generate features, information
given by this feature is limited and does not vary over different Ag alloyed
isomers.
• Distance between adsorption site and each of the dopant atoms: This is another
feature designed to find the effect of dopant atoms. The dimension of this
feature vector is equal to the number of Au atoms. Distances calculated are
sorted in the ascending order.
• Dihedral angle formed by C and S atoms connected to the adsorption site:
This is another feature designed to capture the ligand effects on the adsorption
energy.
• Angle formed by the S atoms connected to the adsorption site: This feature is
also intended to model the ligand environment.
• Distance between the H atoms closest to the adsorption site. This feature is
designed as a measure steric hindrance experienced by the adsorbates reaching
the adsorption site.
• Statistical moments of the perpendicular distances to the Ag dopants from the
line connecting the adsorption site and the center of mass of the cluster.
• Bin heights of a histogram: This kind of features can be created for any dis-
tribution of values. For example, consider the the distribution of distances
between the adsorption site and the dopant atoms. After sorting these values
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in any desired order, we can create histogram of them containing a specific
number of bins. The heights of the bins can be used as features. A pair corre-
lation function constructed using atom-atom distances is another example for
a distribution that can be used for this kind of binning.
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APPENDIX C
Position of Fe atoms in the supercell. Atoms connected with a solid line indicates
that they are on the same (000) plane. Different colors of these colors represent the
distance between two Fe atoms; blue: 1 nearest neighbor; green: 3 nearest neighbors;
red: 3 nearest neighbors; orange: 4 nearest neighbors. The dimensions of the drawn
supercells are given in angstroms.
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Figure C.1: Fe sites in 2% Fe doped AgAlFeO2
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Figure C.2: Fe sites in 3% Fe doped AgAlFeO2
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Figure C.3: Fe sites in 4% Fe doped AgAlFeO2
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Figure C.4: Fe sites in 5% Fe doped AgAlFeO2
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Figure C.5: Fe sites in 2% Fe doped AgGaFeO2
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Figure C.6: Fe sites in 3% Fe doped AgGaFeO2
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Figure C.7: Fe sites in 4% Fe doped AgGaFeO2
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Figure C.8: Fe sites in 5% Fe doped AgGaFeO2
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Quantum Espresso calculations. To obtain band structures using Quantum
Espresso, we considered a 96-atom supercell. This supercell was first structurally
relaxed using FIREBALL until the root mean square force on atoms fell below 0.05
eV/Å, because relaxation calculations in Quantum Espresso requires a large amount
computational resources as well as time. A Monkhorst-Pack grid the dimensions 4 ×
4 × 1 was used for the relaxation calculations. The FIREBALL-relaxed supercells
were then subjected to one self-consisten-field calculations using Quantum Espresso
(4 × 4 × 1 Monkhorst-Pack grid) to obtain the converged charge density required
for band structure calculations. In the last step a Quantum Espresso band structure
calculation was performed for a reciprocal lattice path (k−path) generated by the
BandUP code.
Structural configuration of the lowest energy 96-atom supercells consid-
ered for unfolded band structure calculations. We used the bsym python
package to find the symmetry inequivalent 8 % Fe doped structures of AgAlO2 and
AgGaO2. For both the delafossites, the structure with the two Fe atoms positioned
as nearest neighbors were found to have the lowest energy.
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Figure C.9: The lowest energy 8 % Fe doped configuration. Color code: Ag, grey; Al
or Ga, light blue; Fe, orange; O, red.
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